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As precision agriculture transitions into decision agriculture, data driven decision- 
making has become the focus of the industry and data quality will be increasingly 
important. Traditionally, yield data cleaning techniques have removed individual data 
points based on criteria primarily focused on the yield values. However, when these 
methods are used, the underlying causes of the errors are often overlooked and as a result, 
these techniques may fail to remove all of the inaccurate data or remove “good” data. As 
part of this research, an alternative to data cleaning was developed. Data integrity zones 
(DIZ) within each field were identified by looking at metadata which included data 
collected by the combine that reported the operating conditions of the machinery (i.e. 
travel speed, crop mass flow), data about the field environment (i.e. soil type, 
topography, weather), and data of field operations (e.g., field logs, as-applied maps). Ten 
years of historical data from the Southeast Purdue Agricultural Center (5 years of corn 
and 4 years of soybeans) and the Northeast Purdue Agricultural Center (1 year of corn) 
were used for analysis. Data in DIZ were isolated using buffers and the analysis of the 
reduced datasets was compared to the raw data. 
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The amount of data that was removed depended on the amount of variation in the 
field, approximately 70% for the 14.5 acre SEPAC J4 field and 30% for the 25 acre 
NEPAC S13 field. Statistical comparisons of the data showed the mean yield estimate 
increased by an average of 22 bu/ac for corn and 3 bu/ac for soybeans when DIZ data 
was used compared to raw data. On average the standard deviation decreased by 24 bu/ac 
and 5 bu/ac for corn and soybeans, respectively, indicating that the data collected in these 
zones was more consistent and contained less noise and fewer errors. The average change 
in the standard error of the mean was 0.08 for corn and 0.09 for soybeans when the DIZ 
data was used. The temporal yield indices for each soil type zone showed that the yield 
responses were more stable when DIZ data was used for analysis instead of raw data. The 
estimates provided by these smaller, more accurate datasets are also more likely to be 
representative of the treatments that are being compared.  
The data collected in DIZ and the data collected outside of DIZ were compared 
for differences. The non-DIZ data contained much more variation in two key 
measurements that have been shown to affect data quality: combine travel speed (CV was 
2.2x higher for corn non-DIZ data and 1.5x higher for soybean non-DIZ data) and crop 
mass flow rate (CV was 2.6x higher for corn non-DIZ data and 1.6x higher for soybean 
non-DIZ data).  
This alternative to data cleaning effectively removed errors and artifacts from yield 
data. When these reduced datasets are used to analyze historical yield data over time, they 
may provide a clearer picture of true yield effects; this will improve decisions on input 
and resource allocation, support wiser adoption of precision agricultural technologies, 
and refine future data collection. 
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CHAPTER 1. STATE OF THE ART AND LITERATURE REVIEW  
1.1 Agricultural Productivity 
Throughout history, agriculture has been called on to meet the demands of a 
growing and evolving population. Since 1948, the United States population has more than 
doubled and the total agricultural output has increased by over two-fold, as well (Wang et 
al., 2015). Some researchers have reported that crop yield growth is slowing (Grassini et 
al., 2013; Ray et al., 2013; Ray et al., 2012). These results are based on partial factor 
productivity (PFP) measures and do not account for changes caused as a result of changes 
in input usage. Total factor productivity (TFP) measures make it possible to assess 
changes in overall agricultural productivity because they include contributions from all 
production inputs. When TFP is considered there is no statistical evidence that 
agricultural productivity growth is slowing (Wang et al., 2015). Since 1950, farmland 
usage in the United States has decreased by about 25%, approximately 0.5% each year 
(Wang et al., 2015). Labor inputs have also decreased (78% from 1948-2011; Wang et 
al.), first as machinery and agricultural chemicals were adopted, and more recently as 
contract labor and services were used to increase operational efficiency (Wang et al., 
2015). The development and tailored application of new technology on farms has been 
key to making these increases in productivity possible. Decreases in public
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funding for research compounded with the reduction in private investment in research 
and development caused by the recent economic recession has raised concerns that future 
growth may be affected. Historically, reduced agricultural productivity growth has 
resulted in intensified production practices that can have a detrimental impact on the 
environment (Wang et al., 2015).  
1.2 Agricultural Data and Overview of Analysis Tools 
The advent of precision agriculture in the 1990s promised a revolution in the 
industry: producing more by utilizing technology to better manage resources. Major 
advances in several technologies (computers, global positioning systems (GPS), 
geographic information systems (GIS), sensors, and application control) made it possible 
to collect more data -- more easily and more accurately. These technologies, when 
applied to agriculture, have enabled the documentation of both spatial and temporal 
variation in agricultural fields. The agriculture industry embraced these new technologies 
and many farm management information systems (FMIS) have been developed. Most of 
these tools were designed to satisfy one or more of three data needs: record keeping, 
analytics and benchmarking, and decision making. Not only do they differ in their target 
purpose, but also in the types of data they were designed to manage. Janzen (2016) 
identifies five data pipelines in agricultural data: agronomic data, farm management data, 
land data, machine data, and weather data. Table 1.1 shows several popular FMIS 
systems and their target function.
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Table 1.1 Select current farm management information systems and their target functions. 
 Target Function  





Ag Connections X     http://www.agconnections.com/ 
AgDNA X     https://agdna.com/ 
AgLeaderTM SMS X X X http://www.agleader.com/products/sms-software/ 
Beck’s FARMserver X X X http://www.beckshybrids.com/Products/FARMserver 
Climate Fieldview X X X https://www.climate.com/farm-data-with-fieldview-prime/ 
Conservis   X X http://www.conserviscorp.com/ 
Efarmer X X X http://efarmer.mobi/ 
Encirca X   X https://encirca.services.pioneer.com/ 
Farm Link   X   http://www.farmlink.com/ 
Farm Sage X     http://farmsageapp.com/ 
Farmer’s Business 
Network   X   http://www.farmlink.com/ 
FarmersEdge X X X http://www.farmersedge.ca/ 
FarmLogs X   X https://farmlogs.com/ 
Granular X X X https://www.granular.ag/ 
John Deere Apex X     https://www.deere.com/en_US/products/equipment/ag_management_solutions/information_management/apex/apex.page 
SST AgX  X X http://www.agxplatform.com/ 
Trimble® Connected 
Farm X X   https://www.connectedfarm.com/ 
Winfield Insight 
Tools   X X http://www.winfield.com/Farmer/Tools/# 
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1.2.1 Record Keeping 
 Efficient data collection is a key component of effective farm management and 
many FMIS were developed to facilitate farm record keeping including financial and 
agronomic records. Historically, farm data was written down or maintained somewhere in 
a spreadsheet or other document. These tools aim to make data collection and storage 
more convenient.  
1.2.2 Analytics and Benchmarking 
The next target function of FMIS is to provide analytics and benchmarking. These 
tools aim to provide the capability to synthesize data and provide ways to compare one 
producer’s data to that of many others. These tools often show average yields and costs 
for broad comparisons to other operations.  
 
1.2.3 Decision Making 
The last target function of FMIS is to aid in decision making. These tools are 
designed to aid in the decision making process by providing recommendations, often 
based on predictive models. These tools often rely on several data types to determine 
these recommendations including satellite imagery or in-season monitoring and sampling.  
 
1.2.4 Interoperability 
Agronomic data that is collected are stored in various types of files; bringing them 
together in a way that facilitates data mining (extracting information from large datasets) 
and analysis is a challenge. Currently in agriculture, data interoperability is a major topic 
of interest. In the future, methods that enable the transfer of data in universally readable 
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formats will hopefully be common and this will no longer be a hindrance. Since these 
methods are not yet developed, the use of an alternative approach to merge and manage 
the historical data is necessary. There are two viable options for organizing the data in a 
manner for efficient utilization. One option is developing or selecting a database that can 
recognize these file types and the other option is converting the files to more universal 
data types. Currently, several of the commercial options listed above are capable of 
analyzing the data or reading and converting the various file types into more universal 
data types.  
1.3 Agricultural Data and Decision Making on the Farm 
Recently, the agriculture industry has begun the shift from precision agriculture to 
decision agriculture. Fountas et al. (2006) reported that while decision making was the 
core focus of farm management, a more holistic systems approach was necessary for the 
success of precision agriculture. It is apparent that the new decision agriculture tools 
described above are beginning to take that approach, since several are already providing 
services in all three functions.  
The approach that leads farmers to a decision has been extensively studied (Fountas 
et al., 2006; Kay et al., 1994; Rougoor et al., 1998). The decision making process can be 
broken down into seven steps: (1) identify and define the problem; (2) collect data and 
information; (3) identify and analyze alternative solutions; (4) make the decision; (5) 
implement the decision; (6) monitor and evaluate the results; and (7) accept the 
responsibility for the decision (Kay et al., 1994). Each individual decision has its own 
factors and information streams that are used to weigh the options (Fountas et al., 2006). 
When farm management decisions are being made, yield data plays a key role in at least 
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two of these steps (2 and 6). Accurate yield data is crucial to both making the correct 
decision and properly evaluating the results. 
1.4 Yield Data Collection  
Various sensors have been developed to estimate yield of grain crops from a 
combine (Borgelt, 1993). Positional data retrieved from a Differential Global Positioning 
System, DGPS, is combined with the instantaneous grain yield estimate to provide a 
georeferenced dataset (Blackmore & Marshall, 1996). This data is then used to generate 
yield maps that provide a visual representation of crop performance at the end of each 
season (Stafford et al., 1996).  
1.4.1 Impact Sensing 
The most widely used sensor for collecting yield data is an impact sensor (Plant, 
2001; Reyns et al., 2002). These types are sensors are used on many commercial yield 
monitors including AgLeaderTM, YieldSenseTM, and John Deere 70-Series and S-Series 
monitors. An impact yield sensor consists of several components: impact plate, force 
measuring device, and computing means (Myers, 1994). The impact plate sensor is 
placed in the transition housing between the clean grain elevator and the loading auger of 
the clean grain tank and a potentiometer translates the force reading generated by the 




Figure 1.1 Typical location of a mass-flow sensor in a grain harvesting combine (Ess & 
Morgan, 1997; Shearer et al., 1999). 
 
Accuracy of these sensors can vary depending on operating conditions including 
field slope, grain moisture, and kernel size (Reyns et al., 2002). Arslan and Colvin (2001) 
also saw variation in sensor accuracy in laboratory tests when grain flow rates were 
varied. Accuracy over a wider range of conditions was achieved when the impact plate 
mounting angle was optimized (Reyns et al., 2002). With proper calibration, these 
sensors can be very accurate over a wide range of field conditions (Nielsen, 2010).   
YieldSenseTM yield monitors were developed by Precision Planting and claim to provide 
improved on-the-go yield sensing accuracy with less need for recalibration (Strnad & 
Koch, 2014). The YieldSenseTM system consists of a flow sensor and redesigned paddles 
that can also measure changes in grain characteristics (Strnad & Koch, 2015). The 




Figure 1.2 Location of the mass flow sensor for a YieldSenseTM yield monitoring system 
(Strand & Koch, 2015). 
1.4.2 Mass Flow Sensing 
Mass flow measurement systems often utilize the measurements of force and 
speed to estimate the mass flow. Several methods of measuring the weight of the grain 
have been developed. Colvin (1990) used the change in weight of the grain bin to 
determine the mass flow. This method required the grain bin be independent of the rest of 
the machine to be weighed. Accuracy issues arose when the machine was operating in 
sloped fields. The weigh cells needed to accommodate the heavy grain bin also limited 
the accuracy of the measurement. Another weighing technique used by Wagner and 
Schrock (1989) involved attaching a load cell to a pivoting auger that transports grain 
from the clean grain elevator to the grain bin. In laboratory testing, this sensing method 
was able to measure to within 5%. Accuracy was greatly affected by moisture content 
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and the variability was much higher when moisture content was not within a range of 
14% - 19.2% wet basis for corn. A similar method weighed grain at the cross auger prior 
to it reaching the clean grain elevator. This method showed similar results but allowed 
the grain to be sensed sooner and reduced the time delay from cutting to sensing (Reyns 
et al., 2002). Schrock et al. (1995) enabled the weighing of the grain elevator by 
installing an additional sprocket to form a triangle and create a horizontal section (Figure 
1.3). This horizontal section of conveyor was then equipped with a load cell to measure 
grain weight that combined with the sprocket speed was used to calculate the mass flow. 
An average absolute value of the errors of approximately 3% was reported when the 
calibration was conducted in the field on the same day harvest occurred. A drawback of 
this method is the modifications to the elevator are very extensive. 
 
Figure 1.3 Schematic of clean grain elevator modified with additional sprockets (80 and 




1.4.3 Volume Flow Sensing 
Volume flow measurement systems typically measure grain flow one of two 
ways: the volume of grain passed through the sensor within a fixed time frame or the 
amount of time for a fixed volume of grain to pass through the sensor. The mass density 
of the grain is then measured and used to calculate the estimate of the mass flow. Since 
mass density of crop varies by crop variety or growing conditions, this must be measured 
in each field, or within fields if varieties or other practices changed to maintain accuracy. 
One method for sensing volume of grain is with an optical sensor. Optical sensors consist 
of a light emitter and detector positioned to measure the height of the grain on the 
elevator paddles, estimate the volume, and then using the elevator speed, calculate 
volume flow. Several commercial yield monitors utilize this sensor type including the 
Trimble® Yield Monitor System (Trimble®, 2011) and Loup 8000i (Loup Electronics, 
2016). The accuracy of these sensors is dependent on the configuration. Strubbe et al. 
(1996) tested a one-dimensional system where the emitters and detectors are placed on 
each side of the clean grain elevator under varying conditions including inclination (both 
parallel and perpendicular to direction of travel), grain moisture content, grain type, and 
elevator chain setting adjustments. Through adjustments in the elevator housing to reduce 
to gap between the housing and paddles, the deviation of the estimate from the flow rate 
could be reduced to 9% for each condition tested. Hummel et al. (1995) tested an optical 
sensor. In most conditions tested, the sensor was able to measure the total quantity of 
corn harvested to within 3%. Accuracy issues were caused by non-uniform elevator 
flights and inconsistent loading. They recommended calibrating for each field, as 
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changing grain conditions (especially moisture content) affected the accuracy of the 
estimates.  
Another type of volume sensor is the paddle wheel or the Claydon Yield-o-Meter. 
This sensor consists of a wheel with cells attached. As grain is thrown over the elevator, 
the cells fill and the wheel turns. The cell volume is known and the time to fill each cell is 
measured to calculate the estimate of the flow rate (Reyns et al., 2002). Murphy et al. 
(1995) determined the Claydon Yield-o-Meter was capable of measuring the total yield of 
an area to within +/- 1% when grain bulk density and moisture content are measured 
accurately; however, Searcy et al. (1989) measured a whole field error of 7.1% when 
using the Claydon sensor. Birrell et al. (1995) found the Claydon sensor performed 
similarly to an impact sensor on a whole field basis, but was noisier on a smaller scale.  
1.5 Calibration of Yield Monitors Equipped with an Impact Sensor 
Yield monitor calibration is the foundation of high quality yield data. In general, 
yield monitor calibration requires several loads of grain to be harvested and weighed 
(AgLeader™ Technology, 2010; John Deere, 2012). The number and size of the loads 
needed to sufficiently calibrate a specific make and model monitor are determined by the 
manufacturer’s recommendations. The number of loads recommended depends on the 
type of calibration curve the monitor uses; if the calibration curve is near-linear, only one 
load is required; whereas, if the curve is non-linear, four or more loads may be 
recommended (Nielsen, 2010). The calibration load or loads should represent the range of 
grain flow rates that will be encountered. The different grain flow rates are commonly 
achieved by varying the travel speed of the combine or varying the number of rows being 
harvested (Nielsen, 2010). Each load is weighed with an accurate scale. The measured 
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weight is then entered into the yield monitor and the calibration curve is adjusted to fit 
the calibration data. This basic calibration procedure is the same for mass flow impact 
sensor and optical grain sensor systems, since both types of sensors rely on the sensor 
reading proportional to the flow rate of the harvested grain.  
1.5.1 Combine Settings that Influence Eventual Calibrations 
There are several combine settings that affect the grain weight calibration that 
need to be calibrated or checked prior to calibrating the yield monitor; distance/speed 
sensor, header height sensor, header offset, vibration calibration, temperature, moisture 
sensor, and clean grain elevator (Watermeier, 2004). Manufacturers provide specific 
recommendations for the order in which these settings should be calibrated; they will be 
introduced in the order that the AgLeader™ Integra™ requires (AgLeaderTM Technology, 
2010). 
The travel speed of the combine while harvesting is used to calculate the area 
harvested and ultimately, the yield per unit area. Often, this data is collected from the 
GPS unit. If GPS is not used, an auxiliary device (radar or wheel sensors) can be used 
and should be calibrated. It is best to have an auxiliary device as a backup in the event of 
GPS loss. Any auxiliary device should be checked and calibrated prior to calibrating the 
yield monitor.  
The header height and offset settings are also important to the accuracy of the 
eventual grain weight calibration because they influence the area estimates. Header 
height should be calibrated separately for each crop. The calibration is achieved by 
adjusting the header height to three set points, two for ground set positions and one for 
headland turning and allowing the yield monitor console to record the sensor reading at 
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each setting to establish the threshold for when header up status is triggered. Accurate 
setting of the headland turning is important because data will not be logged while the 
header is up and if the header up setting is inaccurate the monitor could log points that 
are outside the harvesting area if the header is not lifted enough or fail to log data points 
in the field if the header is lifted for any reason during a pass. The header offset should be 
entered if the center of the header is not aligned with the center of the combine. This 
offset adjusts the yield values to align with the area in the field where it was collected. 
Vibration calibration is required to set the threshold for noise in the mass flow 
sensor caused by the mechanical vibration of the combine while operating. This 
calibration should be conducted with the header that will be used for the crop attached. 
The calibration readings should be taken while the combine separator and feeder house 
are running at full speed with no grain in any part of the machine. The yield monitor will 
take readings for at least sixty seconds and record the threshold.   
Temperature affects output from many electronic sensors since resistance of 
conductors, especially biological products, changes with temperature. In this case, surface 
moisture characteristics also vary with temperature and the yield monitor temperature 
sensor should be calibrated to ensure accuracy. The calibration should take place after the 
combine has been sitting in a shaded area for several hours. Air temperature should be 
measured using an accurate thermometer and this temperature (or the difference between 
this temperature and the yield monitor temperature, depending on the yield monitor) 
should be entered into the yield monitor console. Most manufacturers recommend this 
calibration be completed once at the beginning of the harvest season; however, changes 
in temperature over the course of a harvest season can be quite drastic. Recalibration is 
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recommended when the temperature change is greater than 10 degrees (Grisso et al., 
2009). 
The moisture content is important for calculating the dry weight of the grain. The 
moisture sensor also needs to be calibrated prior to calibrating the yield monitor. 
Similarly, to the temperature sensor, the measured value (or offset) of a representative 
sample from the load is entered into the yield monitor. The moisture sensor should be 
checked regularly to ensure it is clean and free of debris that could affect the readings or 
interfere with the grain contacting the sensor.  
An additional consideration, although not a calibration, is the condition and 
configuration of the clean grain elevator. Prior to calibration the paddles and elevator 
chain should be inspected for wear and replaced if necessary. Excessive wear on the 
paddles can change the angle at which the grain hits the impact sensor and alter the 
readings. If any changes are made to the chain, paddles, or sensor during the season, the 
yield monitor will need to be recalibrated. 
1.5.2 Yield monitor calibration procedures for AgLeader™ Integra™ and John Deere 
Greenstar 2630 
Recommended calibration procedures differ with regard to various manufacturers. 
The procedure depends mostly on the software that is used to calculate the yield 
estimates, primarily whether the calibration fit is near-linear or non-linear.  
AgLeader™, which uses a non-linear calibration, recommends four to six calibration 
loads be harvested in order to achieve accurate results when using their AgLeader™ 
Integra™ monitor. The calibration can be performed at any point in the season; however, 
it is recommended that the calibration be conducted at the start of harvest. If the 
15 
 
calibration is performed after the start of harvest, the calibration will be applied to past 
data from that season. Each load should weigh between 3,000 and 6,000 pounds (1,361-
2,721 kg). Once each load is harvested, the grain should be unloaded into a truck or 
wagon equipped with an accurate scale. The weight of the load should be recorded and 
entered into the yield monitor console. This harvest, weigh, record sequence should be 
repeated for each subsequent calibration load. Additional recommendations for the 
calibration include making sure the scale is properly calibrated, using only one scale, 
using the same vehicle, and avoiding using a semi-truck since the scales may not be 
sensitive enough for the size of the calibration loads. Once the calibration loads are 
completed, it is necessary to review the weights and the error percentages. The 
calibration should provide an average “load-aggregated” error between 1-3%. 
AgLeader™ recommends removing the load with the highest error when the average 
error exceeds 3% (AgLeader™ Technology, 2010).  
The John Deere yield monitors in 70-Series combines use a near-linear calibration 
while yield monitors in S-Series combines give the operator a choice between a near-
linear or non-linear calibration. When a near-linear calibration is used, only one 
calibration load is required. The calibration load and the vibration calibration will be used 
to determine the calibration curve. John Deere recommends the calibration load be 
harvested at the maximum expected travel speed for the crop and condition. When a non-
linear calibration is selected, 5-7 calibration loads are recommended (John Deere, 2012). 
The loads must be uniform in size and over 3000 pounds. The calibration load(s) should 
be taken from an area in the field where the ground is reasonably level and the yield is 
uniform. A known amount of grain should be harvested while the yield monitor console 
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is in CALIBRATION MODE. Once the load is complete and all grain has reached the 
grain tank, the load should be unloaded into one vehicle. Once the weight is determined 
by scale, the net weight of grain should be entered into the console. It is important to be 
aware that, unlike the AgLeader™ monitor, the standard calibration will not be applied to 
previously collected data, only data collected after the calibration is conducted. John 
Deere has an optional Low Flow Compensation Procedure that can be used in addition to 
the standard near-linear calibration. This calibration should be conducted at one-half to 
one-third the travel speed used for the standard calibration; otherwise the same 
recommendations apply (John Deere, 2012).  
For non-linear calibrations, the loads should be collected to simulate the range of 
crop flows that the yield sensor will encounter. Variation in flow rates is simulated using 
one of two methods. The first is to vary travel speed for each calibration load, usually by 
1/2 to 1 mph. The second is to vary the number of rows harvested for each load.  
Both types of calibrations can be very accurate if done properly; however, both 
approaches also have potential drawbacks. Near-linear calibrations are quicker to 
complete since only one load and the vibration calibration is required. If this load is not 
representative of the operating and grain conditions the calibration curve will not 
accurately translate the mass flow sensor signal into grain weights. Non-linear 
calibrations make it easier to capture varying conditions by calibrating multiple loads. 
The main drawback is this approach is more time consuming as each load requires careful 
harvesting and weighing. If too few loads are used for calibration and harvest conditions 
are not represented, the accuracy of the calibration will be reduced. 
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1.5.3 Factors Affecting the Accuracy and Ease of Yield Monitor Calibration 
The accuracy of a yield monitor can be affected by other factors including crop 
genetics, grain moisture fluctuations over the season, and field topography as these 
influence calibration robustness and applicability (Nielsen, 2010). Each of these factors 
should be kept in mind throughout the season and recalibration should be considered if 
changes occur.  
Genetic differences between hybrids or varieties can affect the accuracy of the 
yield monitor calibration because of variation in grain test weight, shape, and moisture 
content. These traits can alter the signal produced by the grain hitting the impact sensor. 
If different hybrids vary significantly for any of these traits, the yield monitor calibration 
may not be sufficiently accurate to determine yield differences from the data. It is 
recommended to check the calibration when switching hybrids by weighing loads and 
entering the weight into the monitor. Recalibrate if the error increases by 5% or more or 
if the test weight varies by more than 5 pounds per bushel (Grisso et al., 2009). This is 
especially important for on-farm research trials.  
It is recommended that calibration loads be taken from relatively uniform areas of 
a field because of the effect of spatial yield variation on yield monitor readings 
(AgLeaderTM Technology, 2010; John Deere, 2012). Variation in yield across a field 
results in fluctuations in flow rate. When flow rate is not nearly constant, the mass flow 
sensor readings are less accurate. Using loads with yield variation as calibration loads 




Grain moisture can fluctuate over the duration of the season. It is important to 
periodically check the accuracy of the moisture sensor, as well as the grain weight 
calibration. If drastic moisture differences are encountered, it is best to have separate 
calibrations for high moisture grain and low moisture grain; 22% moisture content is a 
typical cutoff (Grisso et al., 2009).  
Field topography can also affect the accuracy of the yield monitor calibration. 
Combine slope affects the angle of the grain hitting the impact sensor and the yield 
monitor readings can become inaccurate. As a result, it is recommended that the 
calibration loads be taken from an area of the field where the ground is reasonably level. 
If fields are rolling and slopes cannot be avoided, calibration loads should include loads 
harvested from various directions across sloped areas (uphill, downhill, across hill) 
(Watermeier, 2004). 
1.5.4 Grain Moisture Sensors on Combines 
Accurate moisture readings are important for accurately estimating yield. If the 
moisture content is estimated inaccurately, the final estimation of the dry yield will also 
be inaccurate. The moisture content is used to calculate the yield of the crop at a specified 
market moisture content. If the measured moisture content is overestimated, the estimated 
dry yield will be lower than the true value and vice versa. As moisture contents approach 
the boundaries of the accuracy range, the sensor readings will be less reliable as well. 
This can cause the yield maps created using this data to misrepresent yield variation. 
As described previously, moisture sensors are calibrated by measuring the moisture 
content of a sample of grain from a load and entering the value into the yield monitor. 
The samples should be a composite of grain taken from different parts of the load or 
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several samples measured and averaged. It is important that the moisture measuring 
device be accurate. Having the grain tested with or compared to readings from a known 
accurate moisture meter is recommended. It is also important to note that moisture 
sensors are most accurate at detecting moistures within a certain range, typically 10-30%. 
Outside this range, the readings are not as reliable (Luck & Fulton, 2014). 
This method of calibration is very risky because it relies on the assumption that 
the samples of grain being tested are representative of the loads and reflect the true 
average of the moisture content. Scooping grain off the top of the wagon or truck, testing 
it, and moving on is the easy way, but can lead to inaccurate moisture readings and 
ultimately inaccurate yield data.  
Caution should be used when changing the moisture values by a large amount and 
additional samples should be tested to confirm the readings. Changes in moisture content 
can affect several characteristics of the grain (test weight, surface characteristics, and 
flow behavior) that, in turn, can alter the readings from the mass flow sensor.  
1.5.5 External Factors Dissuading Proper Calibrations 
There are several factors that dissuade growers from calibrating their yield 
monitors properly and frequently. The most common reason is that the procedures 
necessary to properly calibrate the yield monitor are time consuming and tedious. The 
user manuals provided with the monitors are perceived as unclear and taking the time to 
read and understand the directions is not believed to be worth the headache for some 
operators. Harvesting and carefully weighing multiple loads takes valuable time away 
during a season when growers often feel like they are racing against the clock. Stopping 
to check the calibration throughout the season to ensure continued accuracy is yet another 
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hurdle. Another reason is that to date most growers have not been using their yield data 
for analysis. If the data is not being used, many growers may not realize their data is not 
accurate and others may not care. However, if any comparisons are going to made using 
the data, proper calibration is necessary to draw the correct conclusions.  
1.6 Yield Monitor Settings 
There are several settings in the yield monitor that are not related to the 
calibration, but are crucial to the precision of the data. These settings are typically 
selected in the combine prior to beginning harvest; however, it is possible to edit these 
settings postharvest (AgLeader™ Technology, 2016). These settings should be checked 
prior to analysis to ensure they are correct. 
1.6.1 Equipment Settings 
Start/Stop Delays account for the time between when the header is lifted or 
lowered and the when the yield monitor starts or stops logging points. Data points 
collected before (start delay) or after (stop delay) will be truncated from the data file.  
The flow delay setting is used to account for the time lag between when the crop 
enters the header and when the threshed grain is sensed at the clean grain elevator. The 
value entered here tells the software what time shift (seconds) should be used to shift 
(relocate) the mass flow and moisture readings so they are associated with the correct 
DGPS coordinates (AgLeader™ Technology, 2016). 
1.6.2 Operational Settings 
The operational settings are a set of values that are needed to standardize the yield 
estimate calculation. The weight to volume setting is used by the software to convert the 
mass flow reading from pounds to bushels. The standard US test weights (56 lb/bu for 
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corn, 60 lb/bu for soybeans or wheat) are typically used, but there are some varieties 
which have different test weights. The dry moisture setting is the moisture value to which 
the yield estimates will be normalized and the manual swath width setting is the value 
used if auto-swath width detection is not being used or when 100% use of the header is 
detected (AgLeader™ Technology, 2016). 
1.6.3 Filter Settings 
The operator can enter minimum and maximum yield values for filtering 
purposes. Any yield estimates whose values fall outside these parameters will be 
removed from the dataset (AgLeader™ Technology, 2016). These values are determined 
by the operator and can vary from field to field.  
1.7 Errors in Yield Data 
Raw yield data contains a considerable number of inaccuracies (Blackmore & 
Marshall, 1996). Sudduth and Drummond (2007) reported that anywhere from 10-50% of 
the observations in a yield dataset should be removed due to various mechanically 
induced errors. One major challenge is isolating this noise and separating the errors from 
the field variation. Inherent errors in yield measurement at a specific location have been 
extensively documented. Since the data collection method merges mass flow (at a 
specific time) and geo-referenced position, sources of error include incorrect swath 
width, combine filling and emptying, rapid velocity changes, and positional errors 
(Arslan & Colvin, 2002; Blackmore & Marshall, 1996; Blackmore & Moore, 1999; 
Sudduth & Drummond, 2007).  
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1.7.1 Incorrect Swath Width 
Yield is calculated as grain volume per unit area harvested. Mass rate and distance 
traveled are measured dynamically. Area harvested is calculated by multiplying the 
header width (manually input in monitor) by the traveled distance. An error in width of 
the crop entering the combine header (mis-entry in the yield monitor) results in a 
miscalculation of yield. This type of error is characterized by a strip of low reported 
yields in the data or a strip of low values on the yield map; this most commonly occurs at 
the end of the field when there is not enough crop remaining to fill the header (point 
rows, etc.). Auto-swath width detection can also lead to errors if overlap is inaccurately 
detected and the swath width is reduced in error. This causes a strip of high yielding 
values when the estimated yield was taken from a larger area than it was attributed. 
Although these errors can cause the yield measurement to be off by a large degree (50% 
+ depending on proportion of header empty), once identified, these areas are typically 
easy to fix by correcting the harvested width. 
1.7.2 Combine Filling and Emptying 
Yield estimates are affected at the start and end of each pass as the clean grain 
elevator fills and empties. Impact sensors are most accurate when grain flow is consistent 
and readings contain higher errors when the grain flow is ramping up (as you begin a 
pass) or trailing off (as you exit the crop at headlands). Documented estimates of fill time 
are highly variable, ranging from 10-40s (Blackmore & Moore, 1999). This type of error 
generally shows up as low yielding areas at the ends of the field. Yield measurements 
caused by combine filling and emptying can be off by as much as 90% and the error 
depends on the rate of change in the clean grain elevator which, in turn, depends on the 
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proximity of the point to the edge of the field. If the start delay, stop delay, and/or flow 
shift settings are incorrect, yield data points may still be underestimated. 
1.7.3 Rapid Velocity Changes 
Changes in combine travel speed causes errors for a variety of reasons. Lag time, 
the amount of time it takes the grain to travel through the combine and reach the impact 
plate, and fill times both vary with travel speed (Pierce et al., 1997). Arslan and Colvin 
(2001) tested stepped yield variation under two different operating conditions, one at a 
constant speed of 8 km/h and another where the travel speed was varied from 8-11 km/h 
to maintain “full status” in the combine.  When travel speed was varied, average error 
(the difference between the scale reading and the yield monitor measurement) increased 
significantly from 3.4% to 5.2% (Arslan & Colvin, 2001). The most commonly used data 
filters allow the user to specify maximum and minimum velocities and points collected 
outside of those parameters will be removed (Sudduth & Drummond, 2007). Another 
option is a filter to detect velocity changes by calculating a ratio of speed between 
consecutive data points and deleting points that occurred when a maximum threshold is 
exceeded (Sudduth & Drummond, 2007). 
1.7.4 Positional Errors 
While the accuracy of DGPS has vastly improved in recent years, positional 
errors are still common in historical datasets. Positional errors will occur in yield monitor 
data under several conditions: 
 when the signal is lost for a period of time and a limited number of data points 
are inaccurately placed, 
 when the entire dataset is offset, 
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 when the time lag of grain traveling through the combine is not correct (mass 
flow is not associated with the correct geo-referenced position), 
  and when DGPS is used for distance measurement (hence the area harvested) 
is not accurate. 
It can be difficult to determine when a DGPS signal was lost by looking at the 
data. Most commonly, only points recorded outside the field boundary are eliminated 
from the dataset (Sudduth & Drummond, 2007). However, it is likely that the signal 
issues were also occurring within the field boundaries and these yield values have been 
misaligned. This error affects the ability to attribute the yield estimate to its original 
location in the field and if the DGPS is used to determine distance traveled, it can also 
result in an incorrect area harvested measurement. 
The lag time error is caused because by the time the yield is recorded the logged 
positional data at that instant no longer corresponds with the area in the field the grain 
came from. This error is usually corrected by inputting a fixed offset value into the yield 
monitor, the flow shift setting. A commonly recommended method for determining this 
value is to measure the time it takes for the grain to reach the hopper and subtract a few 
seconds. However, previous studies have shown that the time lag varies depending on 
machine, field, and harvest conditions (Sudduth & Drummond, 2007). Since the DGPS 
data is also used to match the crop flow data with the area harvested for the yield estimate 
calculation, an incorrect flow shift setting can result in an incorrect yield estimate. 
Varying travel time of grain collected at various points in the header is also not accounted 
for when a linear offset is used.  
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1.8 Yield Data Processing 
Several approaches have been developed to mitigate or eliminate the mechanical 
errors discussed above; however, Blackmore and Moore (1999) reported yield map 
smoothing contributed the largest proportion of error to yield data interpretation. Most 
current yield data processing procedures involve screening the data for systematic and 
random errors, removing or correcting the data, and then using an interpolation method 
(commonly kriging or inverse distance) to create a uniform gridded surface for mapping. 
Yield map errors are most likely to occur when not all of the inaccurate data is removed 
and the inaccurate remnants (near the void created by the data that was removed) 
unfortunately impact the interpolation (Blackmore & Moore, 1999). 
1.8.1 Correction of Errors and Removal of Erroneous Data Points 
There is no standard method for cleaning raw yield data. Several methods have 
been developed and proposed to filter and remove erroneous data or improve the data for 
common types of errors (Arslan & Colvin, 2002; Blackmore, 1999; Blackmore & Moore, 
1999; Simbahan et al., 2004). Each filtering technique varies slightly in regard to which 
types of errors it is most efficient at addressing and the percentage of data points 
eliminated. Regardless of the filtering method selected, one must be cautious, since both 
failing to remove erroneous data points and excessively eliminating points will 
compromise map accuracy (Simbahan et al., 2004).  
Simbahan et al. (2004) developed an algorithm that screened for six types of error 
values in raw yield data (header up/down status; combine ramp up/ramp down; mass 
flow, distance traveled, and moisture outliers; values exceeding max and min yield limits; 
and other yield outliers). The data was screened in two steps with erroneous points due to 
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mechanical error removed first and outliers removed in a subsequent step. When tested 
on yield data from four locations the algorithm removed 13-20% of the points from the 
raw data set, 72-85% of the removed data was as a result of the screening for mechanical 
error. Ping and Doberman (2005) tested this same algorithm on yield data from a single 
field over six years and achieved similar results. However, high standard deviations in 
low yielding areas of the field (headlands and areas with changing management) led them 
to conclude the filtering criteria should be expanded to remove more data when results 
are compared over years (Ping & Dobermann, 2005).  
Robinson and Metternicht (2005) developed a procedure for dealing with five 
types of error including unknown crop width, time lag of grain flow, GPS recording 
errors, yield surges, and other outliers. They removed 16.6% of the data determined to be 
affected by the selected error types and concluded that although the yield maps produced 
from the subset of data were improved, not all errors had been removed. Slow processing 
times were cited as a hindrance to adding additional filtering criteria (Robinson & 
Metternicht, 2005).  
The Yield Editor software tool was developed to bring together the various 
filtering methods and provide an expert filter to remove yield data errors (Sudduth & 
Drummond, 2007). This tool allows the user to input information about the harvest 
activities and then removes or adjusts data points to correct for common errors including 
combine filling and emptying, time lag of grain moving through the combine, velocity 
limits, velocity changes, swath width errors, yield outliers, and positional errors. The user 
can also manually remove points that appear to be erroneous even though the filters failed 
to remove them. Yield Editor 2.0 was developed to improve on the original program 
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(Sudduth et al., 2012). Changes included the addition of the Automated Yield Cleaning 
Editor, which added filters for overlap and localized standard deviations, as well as 
allowed for the automated selection of parameters. Yield Editor 2.0 also included an 
algorithm to select the optimum flow shift setting.  
In general, raw yield data contains vastly more data points than are needed to 
generate yield maps and areas with missing data (lots of inaccurate data points removed) 
are less likely to create smoothing errors than erroneous data (Blackmore & Moore, 
1999). 
1.8.2 Data Interpolation and Smoothing 
Robinson and Metternicht (2005) reported that kriging is a preferred interpolation 
method for gridding yield data in preparation for creating yield maps. This method is a 
Best Linear Unbiased Estimator (BLUE) that uses weighted linear combinations to 
determine the estimate with the lowest variance for missing values (Oliver & Webster, 
1990). It was developed based on the Theory of Regionalized Variables and treats 
properties as continuous spatially dependent random variable, i.e. things nearer to each 
other in space are more likely to be similar to each other (Oliver & Webster, 1990). This 
method requires high accuracy data points and results will be adversely affected by 
erroneous data points that were not removed from the dataset (Blackmore & Marshall, 
1996). Kriging is best for sparse datasets or when many data points have been removed 
due to errors.  
Inverse distance methods are interpolation methods that take geometric distance 
into account when regularizing the yield data for mapping. This method provides linear 
and unbiased estimates much like kriging; however, the estimates differ in that the 
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variance is not minimized. This method is also plagued when erroneous data persist 
because incorrect data will bias the interpolation resulting in incorrect yield estimates 
over an entire area (Blackmore & Moore, 1999). 
1.9 Other Types of Data 
Crop yield is influenced by many different factors. These factors can be 
environmental (i.e.; weather, soil, topography) or agronomic (i.e.; fertilizer, tillage, 
hybrid/variety selection). Production and economic analysis may also require information 
about the operation of the machinery (i.e.; fuel consumption).  
Individually, many of the management factors that affect yield have been 
extensively studied for decades; these studies have been largely conducted at Agricultural 
Experiment Stations associated with Land Grant Universities. These types of studies rely 
heavily on identifying and controlling the many other management factors in order to 
accurately measure the effect of the one factor or a few factors of interest. Ideally these 
studies also report detailed information about the environmental conditions that were 
experienced over the duration of the experiment so that proper generalization can occur 
and anticipated outcomes in different locales can be estimated, since often the results can 
vary under different environmental conditions. The purpose of many of these studies has 
been to provide guidelines or recommendations to growers (Bullock & Bullock, 2000). 
However, in production agriculture, many of these factors are varied at once and 
confounded, making analysis of the yield variation very complex, if not impossible. 
Models can help bridge the gap, but sometimes require parameters and inputs that are not 
readily available. They are also an imperfect representation of reality. Theoretically, if 
information about all pertinent factors is known and the field is divided into 
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environmentally identical management units, the resulting yield can be modeled 
sufficiently (Bullock & Bullock, 2000).  
Context is very important when trying to understand yield response. An 
understanding of the conditions that led to the resulting yield is perhaps even more 
important than the yield estimates themselves. Metadata, the data about the data, provides 
the information necessary to properly interpret research studies. Accurate documentation 
of these factors can be tedious and time consuming. However, new methods for 
collecting metadata, both manually and autogenically (self-generated), are being 
developed (Koester, 2015; Welte et al., 2013). Some metadata, or the backstory of a 
particular cropping season, is publicly available. Other metadata is information privately 
held and oftentimes unrecorded. Examples of the mechanical, environmental, and 
agronomic factors that should be recorded are shown in Table 1.2. 
Table 1.2 Examples of metadata that should be collected to describe yield impacting factors. 
Mechanical Environmental Agronomic/ Management 




 Machinery settings 
 Travel speed 
 Concave clearance 
 Cylinder/ rotor 
speed 
 Flow rates 
 Pressure 
 Fuel consumption 
 
 Soil type 
 Drainage 
 Terrain 
 Soil fertility 
 Weather 
 Precipitation 
 Growing degree 
days 
 Soil moisture and 







 Hybrid/ Variety 
 Planting Date 
 Row spacing 
 Seed treatment 






 Crop rotation 
 Cover crops 




CHAPTER 2. JUSTIFICATION AND OBJECTIVES 
We must increase production to feed a growing population while reducing costs, 
inputs, and impact to the environment. Our ability to meet these demands relies on 
continued advances in agricultural science. Precision agriculture, so far, has failed to 
meet expectations primarily because the challenges of data interoperability and data 
quality have yet to be properly addressed. Many farmers and researchers are storing 
historical yield data for future use. Some of this historical data contains valuable 
information; however, some of it may be inaccurate or so incomplete with regard to 
metadata that it is of little value and should be discarded. If properly organized, managed, 
and processed, this data could be used to identify improved data protocols to maximize 
the value of historical data and to provide insight for collecting better data in the future. 
As our capacity to collect data grows and the number and importance of decisions that 
rely on that data increase, the need to fully understand and account for errors and artifacts 
will be become even more crucial.  
Cai and Zhu (2015) state that in order for data to be considered high quality, it 
must meet standards in terms of completeness, validity, consistency, timeliness and 
accuracy that make the data appropriate for the intended use. For yield data to be high 
quality, it must be both accurate and precise. Accuracy describes how close the estimate 
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is to the actual value and precision describes how consistent the measurements are to one 
another. The accuracy of the yield estimate can be improved through proper calibrations 
and the performance of the yield sensor. The measurements that are used to calculate the 
yield estimate must also come from areas that are representative of yield effects that are 
being estimated. The precision of the individual yield estimates can be affected by the 
operation of the yield sensor.  
 Yield data is known to contain errors. Previously, these errors have been referred 
to as random and systematic and those that are not removed are believed to be remedied 
by statistical analysis. Many of the errors in yield data cannot be defined as random, 
because they occur predictably in some areas of agricultural fields, or systematic, because 
they cannot be corrected by a simple transformation of the data. A novel approach for 
removing erroneous yield data would be to remove data collected in the areas within 
individual fields where errors occur consistently over time. Data integrity zones (DIZ) are 
areas in a field where errors and artifacts in the yield data are minimized and known 
variation in the environmental conditions or agronomic management is accounted for or 
controlled. The use of data collected in DIZ has the potential to improve the precision and 
accuracy of the yield estimates. The DIZ approach is not intended to improve the 
description of the spatial variation within a field. However, for management purposes, 







The research objectives for this work were: 
I. To organize historical datasets from PAC farms in a manner that facilitates 
data mining and analysis to support future decision making. 
II. To develop a process to identify data integrity zones in order to mediate or 
eliminate errors and artifacts in agricultural yield data. 
III. To validate improved methods of data interpretation. 
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CHAPTER 3.  SOUTHEAST PURDUE AGRICULTURAL CENTER J4 
3.1 Materials and Methods 
3.1.1 Datasets 
3.1.1.1 Yield Data 
Nine years of historical data was gathered from field J4 at the Southeast Purdue 
Agricultural Centers (SEPAC; Figure 3.1). J4 is approximately 15 acres and has been 
kept in a corn/ soybean rotation with no experimental studies being conducted. Raw yield 
monitor data collected using AgLeaderTM PFAdvantageTM (2007- 2012) and AgLeaderTM 
IntegraTM (2013-2015) monitors were available. For the years when corn was produced, 
the total wet weights of the grain removed from the field measured using farm scales 
were provided.  
 
Figure 3.1 Location of SEPAC J4 (Latitude: 39.031214, Longitude: -85.535884). 
34 
 
3.1.1.2 Additional Agronomic Data 
As-applied maps describing the management of the fields including planting, 
fertilizer, and pesticide treatment records were also provided. This data was used to 
confirm the management was consistent within the field each year. Additional 
information about tillage and general field management was gathered through personal 
communication with the SEPAC managers. The field has been no-tilled for the duration 
of the available yield data and the field is planted and harvested east to west in most 
years.  
3.1.1.3 Soil Type Data 
Soil data were obtained from Web Soil Survey (Soil Survey Staff, 2013) by 
selecting the field area and downloading the data. There are five different soil types 
represented (Avonburg silt loam, Cincinnati silt loam, Cobbsfork silt loam, Holton silt 
loam, and Nabb silt loam); however, the Avonburg, Cincinnati, and Nabb soils cover 
88% of the field area (Figure 3.2). The characteristics of these soil types are shown in 
Table 3.1. 
 




Table 3.1 Soil characteristics of soil types represented in SEPAC J4 (Soil Survey Staff, 
2013). 
Soil Type Slope (%) Area 
Represented 















6-12 4.89 118 41 
Cobbsfork 
silt loam 
0-1 0.04 137 44 
Holton 
silt loam 
0-2 1.74 118 35 
Nabb silt 
loam 
2-6 4.8 128 45 
 
3.1.1.4 Topography Data 
LiDAR (light detecting and ranging) topography data were downloaded from 
Open Topography (http://www.opentopography.org/). The data was selected by choosing 
the area of interest using a 5m resolution LiDAR raster. The topography is rolling with a 
total elevation change of approximately 24 feet and is responsible for much of the field 




Figure 3.3 LiDAR topography map for SEPAC J4 from Open Topography (IndianaMap 
Framework Data, 2013) 
.  
3.1.1.5 Weather Data 
Weather data were downloaded from Midwest Regional Climate Center (MRCC; 
http://mrcc.isws.illinois.edu/) from the weather station nearest to the SEPAC location for 
2007 - 2016. The data used for this analysis was collected by the North Vernon 2 ESE 
weather station located at 39.0017, -85.597 (approximately 3.8 miles from field J4). This 
data contains daily recordings for temperature, precipitation, and growing degree days 
(GDD; base 50°F). Cumulative precipitation was calculated and graphed for each year by 
Julian date (Figures 3.4 and 3.5). Cumulative GDD for each year were calculated and 




Figure 3.4 Cumulative precipitation (in.) for the years when corn was produced in 
SEPAC J4.  
 
 






Figure 3.6 Cumulative growing degree days (GDD; base 50°F) for the years when corn 




Figure 3.7 Cumulative growing degree days (GDD; base 50°F) for the years when 
soybeans were produced in SEPAC J4. 
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3.1.2 Yield Data Preprocessing  
3.1.2.1 Adjusting Monitor Settings 
The initial selections for flow shift, start and stop delays, and dry moisture content 
in the yield monitor settings were not always set to the optimum settings for the field. 
Often the monitor default settings were used. Using AgLeaderTM SMS Basic version 
15.5, each data file was reprocessed to ensure consistent dry moisture (14% for soybean, 
15% for corn) and weight to volume conversion (56 lb/bu for corn, 60 lb/bu soybean) 
settings from year to year. Start and stop delay settings were reduced to 0 seconds and the 
filter settings (minimum and maximum yield values) were set to 0 and 1000 bu/ac to 
include all of the collected data in the file. Figure 3.8 shows a view of the Reprocessing 
Settings dialogue box in AgLeaderTM SMS Basic. Shapefiles were generated and 
exported at various flow shift settings ranging from 0-15 seconds.  
 
Figure 3.8 Processing settings dialogue box in AgLeaderTM SMS Basic v. 15.5 used to 
adjust settings for SEPAC data. 
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Using ArcMap version 10.2.2, the data was displayed as crop mass flow for each 
of the flow shifts. The flow shift that provided the best representation of the data was 
selected by visual assessment. Figures 3.9 show a dataset with four different flow shift 
settings. In this example, 12 seconds (C) was selected as the best representation because 
it minimized the saw tooth pattern at the perimeter of the field and the transitions 
between high and low yielding areas of the field appear smooth and natural.  
 
Figure 3.9 Crop (corn) mass flow maps showing varied flow shift settings for SEPAC J4 
2015 (A: 8s, B: 10s, C: 12s, D: 14s). 
3.1.2.2 Associating Yield Data with SSURGO Data 
The SSURGO data was imported into ArcMap 10.2.2 to create a SSURGO 
database using the Merwade (2012) method. ArcMap was then used to spatially join the 
soil type data with the yield data. Figure 3.10 shows an example of the ArcMap Join 




Figure 3.10 Join Data dialogue box in ArcMap version 10.2.2 used to join soil type data 
to the SEPAC yield data. 
 
3.1.3 Isolating Data in Data Integrity Zones 
3.1.3.1 Determining Buffer Zones 
Buffers were created to remove data points collected in areas of the field where 
the data quality was likely to be low. Three types of buffers (perimeter, soil type, 
field/year) were created to easily and independently filter out the questionable data.  
The first buffer was a perimeter buffer. This buffer was designed to filter out the 
data collected in the end rows and the headlands of the field where combine travel speed 
and crop flow are inconsistent and where field edge effects (e.g., compaction, double 
coverage of fertilizer and chemical, pest damage) are more likely. The width of this 
buffer is determined by the number of end row passes and includes an additional distance 
to eliminate data points collected during the nonlinear ramp up of grain flow as the 
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combine enters the crop. For field J4 at SEPAC with four end row passes of 15 feet each 
and 15 feet of additional distance, the perimeter buffer was set at 75 feet.  
The next buffer was a soil type buffer. Transitions between soil types are not 
precise and discrete polygons that are used to represent them; using the SSURGO data to 
declare the soil characteristics of the location of a data point near a transition may not be 
appropriate. Using a buffer at the boundaries of the soil type polygons removes the data 
collected in areas where the soil type may be blended or mislabeled. For field J4, the soil 
type buffer was set to 15 feet total (7.5 feet on each side of the boundary).  
The final buffer types were field and year specific buffers. These buffers were 
created to eliminate artifacts in the data that were not necessarily consistent from year to 
year. These artifacts may be due to agronomic practice or treatment changes, application 
mistakes, or environmental anomalies such as flooded areas or washouts. For field J4, a 
buffer was created to remove the data collected near a washout in the northeast portion of 
the field. The combination of the flow of water affecting the plant stand and the sudden 
speed changes of the combine at this location because of terrain render the yield estimates 
in this area unreliable.  This buffer was applied to all nine years. An additional buffer was 
created for 2010; a change in harvest pattern caused unsteady combine operation in areas 
of the field that were not addressed with the previous buffers. 
Field and year specific buffers such as these require knowledge of context and 
practices. Historical yield data can be used to uncover field variation and other data such 
as aerial imagery or historical land use records can be used to begin to understand the 
underlying causes.   
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3.1.3.2 Creating Buffer Zones 
Polygons were created for each of the buffer zones discussed above using the 
Buffer tool in ArcMap. The perimeter buffer polygon was created from the field shapefile 
polygon with the buffer distance set to the selected value (75 ft. for SEPAC field J4). The 
soil type buffer was created by first clipping the SSURGO data to the field polygon using 
the Clip tool and then using the Buffer tool to apply the desired buffer distance to the soil 
type boundaries (15 ft. for SEPAC field J4). The buffer areas for the field specific buffers 
would be created differently depending on the issue being addressed. The buffer for the 
washout in J4 was created by tracing the area with the polygon tool over an aerial image 
that clearly showed the area of concern. The polygon was then removed from the field 
polygon using the Erase tool.  
3.1.3.3 Generating Yield Datasets 
Data files were created by using the buffer zone polygons to remove the data in 
the error prone areas of the field using the Clip tool in ArcMap. The buffers were treated 
as additive and a data file was generated after each step for comparison. Each data file 
was exported into comma separated text files using the Export Feature Attribute to ASCII 
tool in ArcMap. The files were renamed with a .csv file extension to make them 
compatible with Microsoft Excel and SAS version 9.4 software. This process was 
repeated for each year of data and each buffer. The files for each year were then 
combined using Microsoft Excel for each field and buffer test. Four files were generated 
for SEPAC J4: raw data, 75-foot field buffered data, 75-foot field buffer with 15-foot soil 
type buffer, and 75-foot field buffer with 15-foot soil type buffer and washout removed. 
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In 2010, a change in harvest pattern required the use of an additional buffer and a fifth 
data file was generated. 5 boundary/ buffer shapefiles were created to apply the buffers 
and 6 intermediate shapefiles were generated when trimming the data to reach the final 
outputs for each year.  
3.1.4 Yield Data Processing  
3.1.4.1 Statistical Analysis 
Buffers were applied sequentially so comparison of the individual effects could be 
made. The proportion of data removed at each step was calculated in Excel. Statistical 
analyses were performed in SAS 9.3 (SAS Institute Inc., 2016). Mean estimates weighted 
by area, standard deviation, standard error, and coefficient of variation were calculated 
with SAS’s Proc SQL and an analysis of variance and Bonferroni means comparison 
were calculated for each year and soil type combination using Proc GLM.  
In order to determine the effects of the buffers on the data quality, several 
approaches were taken to estimate errors. To check the accuracy of the calibration, the 
total weight measured by the combine was compared to the wet weight of the grain 
measured by the farm scale. The total field yield measured by the yield monitor was 
corrected by totaling the number of bushels measured by the combine and dividing it by 
the total field area based on the field boundary (not the area measured by the yield 
monitor). These values were not adjusted to match the scale weights. For comparisons on 
a whole field basis, total field yield estimates were calculated by prorating the mean yield 
estimated from the smaller DIZ dataset for each soil type to the total area each soil type 
covered. Since yield estimates were not available for Cobbsfork and Holton after the 
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buffers were applied, the yield estimates for the most similar soil types (Avonburg and 
Cincinnati, respectively) were used. Estimate errors were computed as the deviation from 
the corrected whole field yield estimate.  
For temporal comparisons, the yield estimates were normalized to their respective 
whole field mean each year and expressed as percent of the mean yield. A temporal yield 
stability index was calculated as the standard deviation of the normalized yield indexes.  
Descriptive statistics were calculated to test whether differences existed in other factors 
shown to affect yield monitor accuracy between data collected in DIZ areas and data 
collected outside of the DIZ areas. The mean, standard deviation, and coefficient of 
variation for data collected in DIZ and outside of DIZ were calculated with Proc Means. 
Proc GLM was used to test if the means of the yield, speed, or flow in each zone were 
equal. A paired t-test was run using Proc Ttest to compare the CV of travel speed and 
crop flow rates between these two areas.  
3.1.4.2 Yield Map Interpolation 
Yield maps were interpolated using the Kriging tool in ArcMap 10.2.2. The 
settings selected are shown in Figure 3.11. A linear semivariogram was used and the 








Scale weights were recorded for all of the grain removed from SEPAC J4 in corn 
years. These weights were compared to the total weights reported from the yield monitor 
(Table 3.2). The yield monitor was calibrated in J4 in 2015. In the other four years, the 
calibration was performed in a different field. The largest error in the yield monitor 
cumulative weight was 8.9% in 2009. In three of the five years, the yield monitor totals 





Table 3.2 Wet grain weight harvested from SEPAC J4 in 2007, 2009, 2011, 2013, and 
2015 recorded by the farm scale and the yield monitor.   





2007 156,510 158,363 1.2 
2009 155,690 169,569 8.9 
2011 116,690 110,757 -5.1 
2013 117,740 116,976 -0.7 
2015 126,480 124,247 -1.8 
*(Yield monitor weight – Scale weight) / Scale weight 
3.2.2 Flow Shift 
For SEPAC J4, the original settings for the data files were start and stop delays of 
4s and a flow shift of 10s. The best flow shift setting was chosen for each year by 
viewing the crop flow values in ArcMap. The perimeter boundary and a washout area in 
the northeast section of the field where used as linear features to select the flow shift that 
minimized the sawtooth effect produced when the data in alternating passes is not 
correctly lined up. An example of the comparison between files is shown in Figure 3.9. 
The sawtooth effect is clearly visible in Figures 3.12 and 3.13. In this 2015 example, 12s 
was selected as the optimum flow shift. Yield maps with the appropriate flow shift 
adjustments from 2007-2014 are provided in Appendix A. Table 3.3 shows the flow 
shifts selected by year. It is important to note that the software default flow shift setting 




Figure 3.12 Close up of perimeter boundary on the crop (corn) mass flow maps with 
varied flow shift settings for SEPAC J4 2015 (A: 8s, B: 10s, C: 12s, D: 14s). 
 
 
Figure 3.13 Close up of washout area on the crop (corn) mass flow maps with varied flow 




Table 3.3 Correct flow shift settings for SEPAC J4 data from 2007 – 2015. 
Year Crop Optimum Flow Shift 
Setting (s) 
2007 Corn 8 
2008 Soybean 8 
2009 Corn 8 
2010 Soybean 8 
2011 Corn 10 
2012 Soybean 8 
2013 Corn 12 
2014 Soybean 12 
2015 Corn 12 
 
One approach that was identified to aid in determining the correct flow shift was 
to count the number of data points collected at the start of each pass with near zero crop 
flow values when the flow shift setting was 0s. The number of data points was then 
multiplied by the sampling rate to estimate the necessary flow shift. An example from 
2014 in Figure 3.14 shows a zoomed in view of the edge of the field. The average 
number of data points with near zero flow values was 6 and the sampling rate was 2 




Figure 3.14 Mass flow near the perimeter of SEPAC field J4 in 2014 with flow shift 
setting of 0s. 
 
The success of this method for determining flow shift is dependent on the start 
delay setting being correct. An example from 2015 in Figure 3.15 shows the same area of 
the field; however, the average number of data points is seven. The calculated flow shift 
of 14s does not confirm the visually selected flow shift of 12s. When an adjusted field 
boundary shapefile (adjusted to remove the 60 feet of end row passes) is overlaid with the 
flow data (Figure 3.16), it becomes apparent that the start delay setting is the cause of this 
incongruity. An average of one data point (2s) fell outside the area with standing crop at 
the start of each pass. When this is accounted for, the number of data points and the 





Figure 3.15 Mass flow near the perimeter of SEPAC field J4 in 2015 with flow shift 
setting of 0s. 
 
Figure 3.16 Mass flow near the perimeter of SEPAC field J4 in 2015 with flow shift 
setting of 0s with the field boundary overlaid. 
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3.2.3 Effect of Buffers 
The raw data was analyzed to develop a baseline for determining the effect of the 
various buffers. Tables 3.4 and 3.5 show the descriptive statistics of the 5 years of the 
raw corn data and the 4 years of the raw soybean data.  
Table 3.4 Descriptive statistics of 5 years of raw corn yield data at SEPAC J4 (2007, 
2009, 2011, 2013, 2015). 













2007 Avonburg 187.6 35.6 0.94 18.9 
2007 Blocher-Cincinnati  163.8 46.3 0.89 27.8 
2007 Nabb 174.2 42.5 0.85 24.2 
2009 Avonburg 183.3 65.4 1.84 36.9 
2009 Blocher-Cincinnati  175.6 62.0 1.28 35.4 
2009 Nabb 198.3 53.6 1.14 27.0 
2011 Avonburg 126.0 45.7 1.25 35.8 
2011 Blocher-Cincinnati  96.6 53.9 1.04 53.8 
2011 Nabb 107.1 51.3 1.05 46.7 
2013 Avonburg 136.3 42.0 1.67 30.6 
2013 Blocher-Cincinnati  113.3 48.2 1.35 42.4 
2013 Nabb 129.5 46.7 1.38 35.8 
2015 Avonburg 138.0 54.4 1.79 39.1 
2015 Blocher-Cincinnati  145.5 57.1 1.39 38.5 








Table 3.5 Descriptive statistics of the 4 years of raw soybean yield data at SEPAC J4 
(2008, 2010, 2012, 2014). 













2008 Avonburg 58.0 11.3 0.32 19.5 
2008 Blocher-Cincinnati  51.6 18.7 0.38 35.6 
2008 Nabb 54.6 16.4 0.34 30.1 
2010 Avonburg 43.0 12.1 0.36 27.8 
2010 Blocher-Cincinnati  36.4 11.6 0.25 31.3 
2010 Nabb 38.7 11.3 0.23 28.7 
2012 Avonburg 50.5 9.5 0.26 18.8 
2012 Blocher-Cincinnati  38.6 10.8 0.22 27.8 
2012 Nabb 40.7 10.9 0.22 26.5 
2014 Avonburg 54.7 12.3 0.49 22.3 
2014 Blocher-Cincinnati  52.2 34.9 1.01 64.3 
2014 Nabb 54.1 21.6 0.64 38.9 
 
For each year of yield data from SEPAC J4, the buffers were applied additively to 
allow for comparison of the effects of each step. Each buffer was designed to filter out 
data collected in areas of the field that might contain a high proportion of low quality 
data. The amount of data removed at each step is dependent on the size and shape of the 
field, as well as agronomic management practices. Table 3.6 shows the average number 
of data points removed by each buffer in the SEPAC J4 field over nine years.  
Table 3.6 Data removal for each buffer step in SEPAC J4 (averaged over 9 years).  
Dataset  Number of Data Points Remaining 
Total Data 
Removed (%) 
Raw data 5239  
Field perimeter buffer 2093 60.1 
Field perimeter + Soil type buffer 1433 72.6 
Field perimeter + Soil type + 




3.2.3.1 Field Perimeter Buffer 
The highest proportion, 60%, of data points were removed due to the field 
perimeter buffer step. Figure 3.17 depicts the yield data that remains after this buffer for 
SEPAC J4. The small field size, in combination with the abnormal shape created by the 
grass waterway cutting though it causes a high ratio of field perimeter to field area. This 
resulted in the removal of a large number of data points during the first buffer step. The 
need for four end row passes to accommodate harvesting this field also exacerbates the 
issue.  
 
Figure 3.17 Sample SEPAC J4 yield map after removal of field perimeter data (2015- 
corn). 
 
Removing 60% of the original data points (perimeter buffer) had an impact on the 
on the descriptive statistics of the data. Tables 3.7 and 3.8 show the descriptive statistics 
of the 5- year average of the corn data and the 4- year average of the soybean data, 
respectively. When compared to the results from the raw data in Tables A and B, the 
means are significantly higher. The standard deviation and coefficient of variance were 
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lower. The standard error was also lower for the corn data for every year and soil type 
except for Cincinnati which was higher in 2007, 2009, and 2013. The standard deviation 
and coefficient of variance were lower for the soybean data. There was more variation in 
the impact to the standard error. The standard error increased in four situations, decreased 
in four situations, and remained approximately the same in four situations. There was no 
discernable trend in the effect of the buffers on the standard errors in this data. 
Table 3.7 Descriptive statistics of the 5 years of corn yield data at SEPAC J4 after the 
field perimeter buffer has been applied (2007, 2009, 2011, 2013, 2015). 












2007 Avonburg 202.7 15.6 0.62 7.7 
2007 Blocher-Cincinnati  178.1 27.6 0.97 15.4 
2007 Nabb 193.6 23.7 0.68 12.2 
2009 Avonburg 212.0 33.9 1.48 16.0 
2009 Blocher-Cincinnati  203.0 61.3 2.24 31.2 
2009 Nabb 222.9 31.7 0.99 14.2 
2011 Avonburg 141.1 20.7 0.89 14.6 
2011 Blocher-Cincinnati  115.4 23.8 0.90 20.5 
2011 Nabb 127.4 23.2 0.73 18.1 
2013 Avonburg 155.2 20.6 1.26 13.3 
2013 Blocher-Cincinnati  134.8 31.0 1.64 22.9 
2013 Nabb 155.1 24.9 1.11 16.0 
2015 Avonburg 162.4 32.8 1.67 20.1 
2015 Blocher-Cincinnati  175.8 30.2 1.33 17.0 







Table 3.8 Descriptive statistics of the 4 years of soybean data at SEPAC J4 after the field 
perimeter buffer has been applied (2008, 2010, 2012, 2014). 













2008 Avonburg 61.8 8.0 0.33 12.9 
2008 Blocher-Cincinnati  55.8 18.9 0.69 33.2 
2008 Nabb 59.9 10.6 0.32 17.5 
2010 Avonburg 44.0 8.2 0.33 18.6 
2010 Blocher-Cincinnati  40.1 7.8 0.27 19.3 
2010 Nabb 41.8 9.6 0.28 22.7 
2012 Avonburg 51.5 5.5 0.23 10.7 
2012 Blocher-Cincinnati  40.2 7.5 0.27 18.5 
2012 Nabb 43.0 9.1 0.26 21.0 
2014 Avonburg 56.0 10.9 0.64 19.2 
2014 Blocher-Cincinnati  55.1 9.7 0.49 17.3 
2014 Nabb 56.6 15.6 0.67 27.1 
 
3.2.3.2 Soil Type Buffer 
With five different soil types within 14.5 acres (Figure 2.2), J4 has a relatively 
high percentage of area in soil transition boundaries; the soil type buffer removed 13% of 
the total data (in addition to the data removed by the field perimeter buffer). Figure 3.18 




Figure 3.18 Sample SEPAC J4 yield map after removal of field perimeter and soil 
boundary data (2015- corn) 
 
Table 3.9 and 3.10 show the descriptive statistics of the remaining data. The 
means remained approximately the same, and in most cases the standard deviation 
decreased or stayed the same. However, with an average of 73% of the total data points 
removed, the standard errors had increased slightly with the addition of this buffer, 














Table 3.9 Descriptive statistics of the 5 years of corn yield data at SEPAC J4 after the 
field perimeter and soil type buffers have been applied (2007, 2009, 2011, 2013, 2015). 













2007 Avonburg 202.8 15.5 0.74 7.6 
2007 Blocher-Cincinnati  177.2 26.8 1.12 15.0 
2007 Nabb 193.8 22.2 0.78 11.4 
2009 Avonburg 211.3 34.9 1.83 16.5 
2009 Blocher-Cincinnati  199.6 36.7 1.65 18.3 
2009 Nabb 222.6 32.2 1.22 14.4 
2011 Avonburg 141.6 21.7 1.12 15.3 
2011 Blocher-Cincinnati  115.7 23.6 1.07 20.2 
2011 Nabb 126.7 22.0 0.85 17.3 
2013 Avonburg 155.5 21.6 1.57 13.9 
2013 Blocher-Cincinnati  136.4 31.8 2.00 23.2 
2013 Nabb 156.3 25.9 1.41 16.5 
2015 Avonburg 160.9 34.3 2.08 21.2 
2015 Blocher-Cincinnati  174.7 29.6 1.55 16.8 
2015 Nabb 174.5 33.1 1.50 18.9 
 
Table 3.10 Descriptive statistics of the 4 years of soybean yield data at SEPAC J4 after 
the field perimeter and soil type buffers have been applied (2008, 2010, 2012, 2014). 













2008 Avonburg 61.9 8.1 0.40 13.1 
2008 Blocher-Cincinnati  55.8 21.2 0.94 37.2 
2008 Nabb 59.6 10.8 0.40 18.1 
2010 Avonburg 44.2 8.0 0.38 17.9 
2010 Blocher-Cincinnati  41.0 7.4 0.31 17.8 
2010 Nabb 41.6 9.2 0.32 21.8 
2012 Avonburg 51.9 5.5 0.26 10.5 
2012 Blocher-Cincinnati  40.6 7.3 0.31 17.8 
2012 Nabb 42.5 9.2 0.32 21.6 
2014 Avonburg 56.2 12.5 0.87 21.7 
2014 Blocher-Cincinnati  55.0 8.9 0.53 15.9 




3.2.3.3 Field Specific Buffer 
The field specific buffer applied to SEPAC J4 was designed to remove the low 
quality data impacted by the washout located in the northeast corner of the field. Figure 
3.19 shows the yield map after the affected area has been removed. Since this washed out 
area is located near a soil type transition, the number of data points removed is somewhat 
small—an average of 32 points, <1%.  
 
Figure 3.19 Sample SEPAC J4 yield map after removal of field perimeter, soil boundary, 
and washout area data (2015- corn). 
 
Tables 3.11 and 3.12 show the descriptive statistics for the SEPAC J4 yield data 
once the final buffer has been applied. When compared to the results from the field 
perimeter and the soil type buffers, the means yield estimates are approximately the 
same. Less than 1% of the total data was removed at this step, on average, and the 
standard deviations and errors stay approximately the same or decrease slightly. 
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Table 3.11 Descriptive statistics of the 5 years of corn yield data at SEPAC J4 after the 
field perimeter, soil type, and field specific (washout) buffers have been applied (2007, 
2009, 2011, 2013, 2015). 













2007 Avonburg 202.8 15.5 0.74 7.6 
2007 Blocher-Cincinnati  177.7 26.0 1.10 14.5 
2007 Nabb 195.1 20.4 0.73 10.4 
2009 Avonburg 211.3 34.9 1.83 16.5 
2009 Blocher-Cincinnati  199.6 36.8 1.66 18.3 
2009 Nabb 223.0 32.1 1.24 14.3 
2011 Avonburg 141.6 21.7 1.12 15.3 
2011 Blocher-Cincinnati  115.5 23.6 1.08 20.3 
2011 Nabb 127.4 21.8 0.85 17.0 
2013 Avonburg 155.5 21.6 1.57 13.9 
2013 Blocher-Cincinnati  136.1 32.0 2.03 23.4 
2013 Nabb 158.1 24.3 1.34 15.3 
2015 Avonburg 160.9 34.3 2.08 21.2 
2015 Blocher-Cincinnati  174.8 28.7 1.54 16.3 












Table 3.12 Descriptive statistics of the 4 years of soybean yield data at SEPAC J4 after 
the field perimeter, soil type, and field specific (washout) buffers have been applied 
(2008, 2010, 2012, 2014). 













2008 Avonburg 61.9 8.1 0.40 13.1 
2008 Blocher-Cincinnati  56.2 21.2 0.95 36.8 
2008 Nabb 60.5 9.4 0.35 15.5 
2010 Avonburg 44.2 8.0 0.38 17.9 
2010 Blocher-Cincinnati  40.8 7.2 0.31 17.5 
2010 Nabb 41.7 9.2 0.33 21.8 
2012 Avonburg 51.9 5.5 0.26 10.5 
2012 Blocher-Cincinnati  40.5 7.1 0.31 17.4 
2012 Nabb 42.7 9.2 0.33 21.6 
2014 Avonburg 56.2 12.5 0.87 21.7 
2014 Blocher-Cincinnati  54.8 8.5 0.52 15.3 
2014 Nabb 56.5 17.7 0.95 30.8 
 
3.2.3.4 Year Specific Buffer 
In 2010, the harvest pattern was different from the other years so an additional 
buffer was used to eliminate the affected areas. Figure 3.20 shows the 2010 yield map 
after the additional data was removed. This buffer removed 21% of the remaining data 




Figure 3.20 Sample 2010 SEPAC J4 yield map after removal of field perimeter, soil 
boundary, washout area, and additional turning area data (2010- soybeans). 
 
Table 3.13 shows the descriptive statistics of the 2010 soybean data after the 
additional buffer was applied. The yield estimates for the Avonburg and Nabb soils both 
increased while the estimate for the Cincinnati soil remained approximately the same. 
The standard deviations of all three zones decreased when compared to the raw data. The 
standard errors of the Avonburg and Nabb soil zones decreased compared to the results of 







Table 3.13 Descriptive statistics of the 2010 soybean yield data at SEPAC J4 after the 
field perimeter, soil type, and field specific (washout), and year specific (altered harvest 
pattern) buffers have been applied. 














2010 Avonburg 46.1 4.6 0.26 10.0 
2010 Blocher-Cincinnati  40.9 7.1 0.31 17.3 
2010 Nabb 43.6 6.0 0.25 13.8 
 
3.2.4 Analysis of Corn Yield Data  
3.2.4.1 Soil Type Zone Analysis 
Table 3.14 shows the weighted mean yields using the raw and DIZ corn yield data 
from SEPAC J4. The yield estimates produced from the DIZ data were higher than the 
yield estimates produced from the raw data for each soil type and year. The average 
increase in the yield estimate for the Avonburg, Cincinnati, and Nabb soil types are 20.2 
bu/ac, 21.8 bu/ac, and 23.2 bu/ac, respectively. The maximum increase in the yield 
estimate was 29.3 bu/ac on the Cincinnati soil type in 2015 and the minimum increase 
was 13.9 bu/ac on the Cincinnati soil type in 2007. For each of these datasets, the 
standard error remained approximately the same despite the large reduction in the number 







Table 3.14 Weighted mean yields using raw and DIZ corn yield data collected from 
SEPAC J4 in 2007, 2009, 2011, 2013, and 2015. 
Year Soil Type  Weighted Mean (bu/ac)  Raw Data 
 Weighted Mean (bu/ac)  
DIZ Data 
2007 
Avonburg 187.6 202.8 
Blocher-Cincinnati 163.8 177.7 
Nabb 174.2 195.1 
2009 
Avonburg 183.3 211.3 
Blocher-Cincinnati 175.6 199.6 
Nabb 198.3 223.0 
2011 
Avonburg 126.0 141.6 
Blocher-Cincinnati 96.6 115.5 
Nabb 107.1 127.4 
2013 
Avonburg 136.3 155.5 
Blocher-Cincinnati 113.3 136.1 
Nabb 129.5 158.1 
2015 
Avonburg 138.0 160.9 
Blocher-Cincinnati 145.5 174.8 
Nabb 154.0 175.2 
 
The differences between soil types are highly significant for every year (Tables 
3.15 and 3.16) with the exceptions of 2013 and 2015 (Tables 3.17 and 3.18). In 2013, 
when the DIZ data was used, the yield estimates for the Avonburg and Nabb soil types 
are not statistically different. In 2015, when using the DIZ data, the yield estimates for 
Cincinnati and Nabb soil types are not statistically different at α = 0.05.  
Table 3.15 Least squares means comparison with Bonferroni adjustment for 2007, 2009, 
2011, 2013, and 2015 corn yield (bu/ac) by soil type using raw data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg   <.0001 <.0001 
Blocher-
Cincinnati 
<.0001  <.0001 
Nabb <.0001 <.0001  
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Table 3.16 Least squares means comparison with Bonferroni adjustment for 2007, 2009, 
2011 corn yield (bu/ac) by soil type using DIZ data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg   <.0001 <.0001 
Blocher-
Cincinnati 
<.0001  <.0001 
Nabb <.0001 <.0001  
 
Table 3.17 Least squares means comparison with Bonferroni adjustment for 2013 corn 
yield (bu/ac) by soil type using DIZ data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    <.0001 0.7991 
Blocher-
Cincinnati 
<.0001   <.0001 
Nabb 0.7991 <.0001   
 
Table 3.18 Least squares means comparison with Bonferroni adjustment for 2015 corn 
yield (bu/ac) by soil type using DIZ data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    <.0001 <.0001 
Blocher-
Cincinnati 
<.0001   1.0000 





3.2.4.2 Temporal Comparisons 
Table 3.19 compares the whole field yield estimate corrected for area to the field 
mean estimates from raw data and DIZ data for each corn year and the 5-year field 
average. On average the yield was underestimated by 10% when the raw data was used to 
estimate the 5- year average. The yield estimate was overestimated by 5% when DIZ data 
was used. The maximum error occurred in 2011 when the raw data estimated -16% of the 
corrected whole field yield estimate. The minimum error occurred in 2007 and 2011 
when the DIZ data estimate was -2% of the corrected whole field yield estimate. The 
error was lower when the DIZ data is used in 3 of the 5 years. The exceptions are 2009 
when the error shifted from -6% to +7% and 2015 when the error shifted from -7% to 
+14% when the DIZ data was used. The excessive rainfall early in the 2015 season was 
considered to be an extreme environmental anomaly and was excluded; with the 4-year 
average, the error became -10% for the raw data and +2% for the DIZ data.  
Table 3.19 Area corrected whole field corn yield estimate and mean corn yield estimates 








(bu/ac)    
Raw Data2 
Field Mean 







2007 191 179 189 -6 -1 
2009 197 185 210 -6 7 
2011 127 107 125 -16 -2 
2013 137 121 147 -12 7 
2015 151 140 172 -7 14 
Average Error (%) -10 5 
Average Error (%) - 2015 excluded -10 3 




The yield normalized as percent of the field mean for each year are shown in 
Tables 3.20 and 3.21. When the normalized values from the raw and DIZ data were 
compared for each year, the differences were very small. The most apparent change was 
in the temporal yield stability index when 2015 is excluded. The temporal yield stability 
indices for the Avonburg, Cincinnati, and Nabb soil types using the raw data were 8%, 
2%, and 3% (2015 excluded). When the DIZ data was used, these values are 5%, 1%, and 
2% (2015 excluded). The Avonburg soil appears to be the most unstable, yielding 93% of 
the mean in 2015 and 113% of the mean in 2011. The Cincinnati and Nabb soil types are 
both relatively stable. The Cincinnati soil type yields 95% of the mean on average and 
only exceeds the field mean in 2015. The Nabb soil type yields 104% of the mean on 
average and does not fall below the field mean in any year.  
Table 3.20 Corn yield normalized as percent of the field mean for raw data from SEPAC 





2007 1.09 0.95 1.01 
2009 0.99 0.95 1.07 
2011 1.19 0.91 1.01 
2013 1.10 0.92 1.05 
2015 0.94 0.99 1.05 
  
Average 1.06 0.94 1.04 
Temporal Yield Stability 
Index (STD) 0.10 0.03 0.03 
  
Average(2015 excluded) 1.09 0.93 1.04 
Temporal Yield Stability 




Table 3.21 Corn yield normalized as percent of the field mean for DIZ data from SEPAC 
J4 in 2007, 2009, 2011, 2013, and 2015, the 5-year average, and the 4-year average (2015 
excluded). 
Year Avonburg Blocher- Cincinnati Nabb 
2007 1.07 0.94 1.03 
2009 1.01 0.95 1.06 
2011 1.13 0.93 1.02 
2013 1.05 0.92 1.07 
2015 0.93 1.02 1.02 
  
Average 1.04 0.95 1.04 
Temporal Yield Stability 
Index (STD) 0.08 0.04 0.02 
        
Average (2015 excluded) 1.07 0.94 1.05 
Temporal Yield Stability 
Index (STD; 2015 excluded) 0.05 0.01 0.02 
 
The temporal yield averages calculated based on the normalized yield values are 
shown in Table 3.22. The whole field mean was approximately the same whether 2015 
was included in the analysis or not. The average yields for the individual soil type zones 
do differ, however, since the weather in 2015 impacted the soil types differently. The 
most notable change was the yield rank order of the soil type zones when the 2015 data 






Table 3.22 Temporal yield averages (bu/ac) for the whole field and each soil type zone in 
SEPAC J4 (2007- 2015). 
 
Corn Yield Average 
(bu/ac) 
All Years 
Corn Yield Average 
(bu/ac) 
2015 excluded 
Whole Field 169 168 
Avonburg 176 179 
Blocher- Cincinnati 160 157 
Nabb 176 176 
 
3.2.5 Analysis of Soybean Yield Data  
3.2.5.1 Soil Type Zone Analysis 
The results for individual soybean years using the raw data and the DIZ data are 
shown in Table 3.23. The mean yield estimates for each soil type increased when the DIZ 
data was used compared to when the raw data was used. The average increase for the 
Avonburg, Cincinnati, and Nabb soil types were 1.9 bu/ac, 3.4 bu/ac, and 3.3 bu/ac, 
respectively. The maximum increase in the yield estimate was 5.9 bu/ac on the Nabb soil 
type in 2008 and the minimum increase was 1.1 bu/ac on the Avonburg soil type in 2012. 
The mean yields for each soil type vary from year to year, as well as the differences 
between the highest and lowest yielding areas. 2012 had the largest yield difference with 
Avonburg out yielding Cincinnati by over 11.4 bu/ac. 2014 had the smallest yield 
difference with a total difference of only 1.6 bu/ac between the three zones. The zone 
yield rank order was the same for 3 out of the 4 years – Avonburg, Nabb, Cincinnati. The 





Table 3.23 Weighted mean yields using raw and DIZ soybean yield data collected from 
SEPAC J4 in 2007, 2009, 2011, 2013, and 2015. 
Year Soil Type  Weighted Mean (bu/ac) Raw Data 
 Weighted Mean (bu/ac) 
DIZ Data 
2008 
Avonburg 58.0 61.9 
Blocher-Cincinnati 51.6 56.2 
Nabb 54.6 60.5 
2010 
Avonburg 43.0 46.1 
Blocher-Cincinnati 36.4 40.2 
Nabb 38.7 42.9 
2012 
Avonburg 50.5 51.9 
Blocher-Cincinnati 38.6 40.5 
Nabb 40.7 42.7 
2014 
Avonburg 54.7 56.2 
Blocher-Cincinnati 52.2 54.8 
Nabb 54.1 56.5 
 
The standard deviation is reduced in the DIZ datasets and as a result the 
confidence intervals about the mean are smaller with the exception of 2014. In 2010 and 
2014, the yield differences decreased significantly when the DIZ data was used compared 
to when the raw data was used. This combined with the impact of the liberal data removal 
is evident in the Bonferroni means comparisons. In 2010, the yield difference decreased 
from 6.6 bu/ac to 3.4 bu/ac after the field specific buffer was applied causing the yield 
estimates for the Cincinnati and Nabb soil types to no longer be statistically different at α 
=0.05 (Tables 3.24 and 3.25). When the year specific buffer was applied, the yield 
difference increased to 5.2 and the yield estimates became significantly different from 
each other (Table 3.26). In 2014, the difference between the yield estimates decreased 
from 2.5 bu/ac to 1.6 bu/ac. The differences in mean estimates were considered 
statistically significant at an α of 0.05 when the raw data was used; however, the p-values 
calculated for the DIZ data were higher than for the raw data (Tables 3.27 and 3.28). In 
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2014, the loss of statistical power to detect was lost when the field buffer was applied and 
the p-values decreased when the soil type buffer was applied (Table 3.29). 
Table 3.24 Least squares means comparison with Bonferroni adjustment for 2010 
soybean yield (bu/ac) by soil type using raw data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    <.0001 <.0001 
Blocher-
Cincinnati 
<.0001   <.0001 
Nabb <.0001 <.0001   
 
Table 3.25 Least squares means comparison with Bonferroni adjustment for 2010 
soybean yield (bu/ac) by soil type after the field specific buffer was applied. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    <.0001 <.0001 
Blocher-
Cincinnati 
<.0001   0.1986 
Nabb <.0001 0.1986   
 
Table 3.26 Least squares means comparison with Bonferroni adjustment for 2010 
soybean yield (bu/ac) by soil type after the year specific buffer was applied. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    <.0001 <.0001 
Blocher-
Cincinnati 
<.0001   <.0001 




Table 3.27 Least squares means comparison with Bonferroni adjustment for 2014 
soybean yield (bu/ac) by soil type using raw data. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    0.0024 1.0000 
Blocher-
Cincinnati 
0.0024   0.0127 
Nabb 1.0000 0.0127   
 
Table 3.28 Least squares means comparison with Bonferroni adjustment for 2014 
soybean yield (bu/ac) by soil type after the field perimeter buffer was applied. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    1.0000 1.0000 
Blocher-
Cincinnati 
1.0000   0.0675 
Nabb 1.0000 0.0675   
 
Table 3.29 Least squares means comparison with Bonferroni adjustment for 2014 
soybean yield (bu/ac) by soil type after the field specific buffer was applied. 
Pr > |t| for H0: LSMean(i)=LSMean(j) 
i/j Avonburg  Blocher-
Cincinnati 
Nabb 
Avonburg    0.2603 1.0000 
Blocher-
Cincinnati 
0.2603   0.0546 





3.2.5.2 Temporal Comparisons 
Table 3.30 compares the area corrected whole field yield estimate to the whole 
field mean estimates from raw data and DIZ data for each soybean year and the 4-year 
field average. On average the yield was underestimated by 8% when the raw data was 
used and 3% when the DIZ data was used. The maximum error occurred in 2012 when 
the raw data estimated -11% of the corrected whole field yield estimate. The minimum 
error occurred in 2008 and 2010 when the DIZ data estimates were -2% and +2% of the 
corrected whole field yield estimate. The DIZ data resulted in a lower error in all 4 years. 
If 2012 is excluded because of the droughty conditions, the estimated error from the 4-
year average became -8% for the raw data and -1% for the DIZ data. 
Table 3.30 Area corrected whole field yield estimates and whole field mean yield 
estimates from raw data and DIZ data from SEPAC J4 in 2008, 2010, 2012, and 2014 and 








(bu/ac)    
Raw Data2 
Field Mean 







2008 59.7 55.8 58.8 -7 -2 
2010 42.0 38.5 42.8 -8 2 
2012 47.0 42.0 43.5 -11 -7 
2014 58.5 54.0 55.7 -8 -5 
Average Error (%) -8 -3 
Average Error (%) - 2012 excluded -8 -1 
1Yield Monitor sum / Field area based on field boundary, 2Yield Monitor sum / Yield 
Monitor field area 
 
The yield normalized as percent of the field mean for each year are shown in 
Tables 3.31 and 3.32. When the values from the raw and DIZ data were compared, there 
were not many changes. The normalized yields are approximately the same regardless of 
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which dataset was used. The temporal yield stability indices are also approximately the 
same when the DIZ data was used-- increasing by 1% for the Avonburg and Cincinnati 
soil types and remaining the same for the Nabb soil type. The Avonburg soil type was the 
most unstable with the yield ranging from 101% of the mean to 118% of the mean. The 
Cincinnati soil type yielded below the mean for every year while the Nabb soil type 
yielded approximately the mean.  
Table 3.31 Yield normalized as percent of the field mean for raw soybean data from 
SEPAC J4 in 2008, 2010, 2012, and 2014 and the 4-year averages. 
Year Avonburg Blocher- Cincinnati Nabb 
2008 1.08 0.96 1.01 
2010 1.12 0.94 1.01 
2012 1.21 0.93 0.98 
2014 1.03 0.98 1.01 
  
Average 1.11 0.95 1.00 
Temporal Yield Stability 
Index (STD) 0.08 0.02 0.02 
        
Average (2012 excluded) 1.07 0.96 1.01 
Temporal Yield Stability 









Table 3.32 Yield normalized as percent of the field mean for DIZ soybean data from 
SEPAC J4 in 2008, 2010, 2012, and 2014 and the 4-year averages. 
Year Avonburg Blocher- Cincinnati Nabb 
2008 1.05 0.96 1.03 
2010 1.07 0.95 1.02 
2012 1.19 0.93 0.98 
2014 1.01 0.99 1.01 
  
Average 1.08 0.96 1.01 
Temporal Yield Stability 
Index (STD) 0.08 0.02 0.02 
        
Average (2012 excluded) 1.05 0.97 1.02 
Temporal Yield Stability 
Index (STD; 2012 excluded) 0.03 0.02 0.01 
 
The temporal soybean yield averages calculated based on the normalized yield 
values are shown in Table 3.33. The whole field mean was approximately the same 
whether 2012 is included in the analysis or not. The individual soil type zone yields 
changed slightly when 2012 is excluded; however, the yield rank order remained the 
same regardless of whether the 2012 data was used for analysis. This yield rank order 
matched the expected yields listed in Table 3.1.  
Table 3.33 Temporal soybean yield averages (bu/ac) for the whole field and each soil 










Whole Field 50 52 
Avonburg 54 55 
Blocher- Cincinnati 48 51 




3.2.6 Comparing DIZ and non-DIZ Data 
In order to better understand the differences between data collected in DIZ and 
data collected outside of DIZ (non-DIZ), various statistical comparisons were made 
between data collected from each zone. There were distinct differences in yield between 
DIZ and non-DIZ data. Tables 3.34 and 3.35 show the mean yields for DIZ and non-DIZ 
areas of the field for each year. Mean yield from DIZ were significantly higher for every 
crop and year. The mean corn yield between the two areas was the most different in 2009 
(41.1 bu/ac) and the most similar in 2007 (23.2 bu/ac). The mean soybean yield was the 
most different in 2008 (7.5 bu/ac) and the most similar in 2012 (2.8 bu/ac). 











2007 168.0 191.2 23.2 
2009 171.7 212.8 41.1 
2011 101.8 127.1 25.3 
2013 113.7 150.3 36.6 
2015 130.9 171.5 40.6 












2008 52.0 59.5 7.5 
2010 37.1 42.1 5.0 
2012 41.5 44.3 2.8 





Differences in operation were compared to better understand the causes of the 
statistical differences between data collected within DIZ and data from areas outside of 
DIZ. Steady state speed and crop flow have been identified as important to the quality of 
data collected by a yield monitor (Arslan & Colvin, 2001). When the measurements of 
speed and crop flow from the two zones are compared, distinct differences became 
apparent. Statistical comparisons between travel speed (Tables 3.36- 3.39) show the mean 
travel speed was lower in non-DIZ areas. The coefficient of variation, however, was 
much higher. On average, the CV of travel speed was 2.5 times higher in the non-DIZ 
data. The CV was greatly reduced in the DIZ datasets. A paired t-test showed that the 
CVs were significantly different (p < 0.001). When crop mass flow was analyzed, the 
results show the mean mass flow was higher in data collected in DIZ (Tables 3.40- 3.43). 
The CV of the crop mass flow was 1.5 times higher in the non-DIZ data than the data 
collected in DIZ areas of the field. In both cases, the data removed by the field perimeter 
buffer were responsible for a large proportion of the variation in speed and crop flow. 
Table 3.36 Least squares means comparison with Bonferroni adjustment for travel speed 
in DIZ and non-DIZ areas of SEPAC J4 from 2007-2015 (corn years). 
  Mean Speed 
(mph) 
H0:LSMean1=LSMean2 
Pr > |t| 
DIZ 4.20 <.0001 
Non-DIZ 4.08   
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Table 3.37 Mean and coefficient of variation for travel speed in DIZ and non-DIZ areas of SEPAC J4 from 2007-2015 (corn years). 
  Non- DIZ Data 
Field Perimeter Buffer 




















2007 3.8 0.6 14.9 3.8 0.6 15.5 4.0 0.4 10.2 
2009 4.4 0.7 15.9 4.4 0.6 14.2 4.6 0.3 7.4 
2011 4.4 1.2 27.1 4.4 1.3 28.9 4.6 0.3 7.1 
2013 4.5 0.7 14.5 4.4 0.7 15.3 4.6 0.3 7.4 
2015 3.1 0.6 17.7 3.1 0.6 18.1 3.3 0.3 8.7 
 
Table 3.38 Least squares means comparison with Bonferroni adjustment for travel speed in DIZ and non-DIZ areas of SEPAC J4 
from 2008-2014 (soybean years). 
  Mean Speed 
(mph) 
H0:LSMean1=LSMean2 
Pr > |t| 
DIZ 4.57 <.0001 







Table 3.39 Mean and coefficient of variation for travel speed in DIZ and non-DIZ areas of SEPAC J4 from 2008-2014 (soybean 
years). 
  Non- DIZ Data 
Field Perimeter Buffer 




















2008 4.3 0.8 17.9 4.3 0.8 18.7 4.6 0.5 10.4 
2010 4.5 0.5 12.0 4.5 0.5 12.2 4.5 0.4 9.7 
2012 4.2 0.6 14.0 4.1 0.6 14.7 4.3 0.3 7.9 
2014 4.5 0.7 14.5 4.5 0.7 14.8 4.7 0.5 10.5 
 
Table 3.40 Least squares means comparison with Bonferroni adjustment for crop mass flow in DIZ and non-DIZ areas of SEPAC 
J4 from 2007-2015 (corn years). 
  Mean Crop 
Mass Flow (lb/s) 
H0:LSMean1=LSMean2 
Pr > |t| 
DIZ 21.72 <.0001 







Table 3.41 Mean and coefficient of variation for crop mass flow in DIZ and non-DIZ areas of SEPAC J4 from 2007-2015 (corn 
years). 























2007 18.9 5.2 27.4 18.3 5.3 28.7 22.0 2.4 11.1 
2009 23.2 9.0 38.9 22.1 8.8 39.7 29.8 4.9 16.4 
2011 13.8 7.0 50.8 13.3 7.3 54.5 17.7 3.2 18.0 
2013 15.3 6.8 44.4 14.6 6.9 47.1 20.8 3.9 18.7 
2015 12.0 5.5 46.3 11.2 5.5 49.0 16.3 2.8 17.4 
 
Table 3.42 Least squares means comparison with Bonferroni adjustment for crop mass flow in DIZ and non-DIZ areas of SEPAC 
J4 from 2008-2014 (soybean years). 
  Mean Crop 
Mass Flow (lb/s) 
H0:LSMean1=LSMean2 
Pr > |t| 
DIZ 6.75 <.0001 






Table 3.43 Mean and coefficient of variation for crop mass flow in DIZ and non-DIZ areas of SEPAC J4 from 2008-2014 
(soybean years). 























2008 6.4 2.0 31.0 6.2 2.0 32.2 7.8 1.3 16.1 
2010 5.1 1.4 27.3 4.9 1.4 28.0 5.7 1.1 19.4 
2012 5.2 1.5 27.6 5.1 1.5 28.9 5.8 1.1 19.5 
2014 6.9 2.1 29.6 6.8 2.2 31.7 7.7 1.1 13.8 
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3.2.7 Yield Map Interpolation 
Yield maps were interpolated using kriging to compare the impacts of the removal 
of data on the visual representations (2015 shown below, other years shown in Appendix 
A). Figure 3.21 shows the yield map interpolated using the raw data and Figure 3.22 
shows the same yield map masked to the extent of the 75 ft field buffer. Figure 3.23 
shows the yield map interpolated using the DIZ data. While the two maps (Figures 3.22 
and 3.23) were very similar, there were some apparent differences. The yield values were 
lower near the perimeter of the interpolated areas and where the washout occurred when 
the raw data was used for interpolation. 
 




Figure 3.22 2015 interpolated corn yield map for SEPAC J4 derived from raw yield data 
and masked to the extent of the 75 ft field perimeter buffer. 
 
 
Figure 3.23 2015 interpolated corn yield map for SEPAC J4 derived from DIZ yield data 






The accuracy of all yield data is ultimately dependent on the appropriate 
calibrations being performed properly. When the grain cart weights were compared to the 
total weights reported from the yield monitor, the errors ranged from 0.5% to 8.9%. 
Unfortunately, it is not possible to correct the yield values after the fact, even when the 
difference between the scale weights and the yield monitor weights is known, because the 
calibration is not linear. Uneven grain moisture across the field further exacerbates the 
conversion problem. This information can only be used to determine if the calibration 
used was good enough to produce accurate data.  
3.3.2 Flow Shift 
Determining the optimum flow shift setting is one of the most tedious steps when 
processing yield data. Visually determining which setting provides the best representation 
of the yield data can be difficult and time consuming and this step is often overlooked or 
forgotten. However, for the nine years of yield data collected from SEPAC J4, the flow 
shift selected as optimum only matched the default monitor setting once. In the other 
eight years, the difference was 2s. Visually, a difference of 2s can be difficult to 
distinguish, but at the average travel speed of 4.5 mph, 2s results in the data point being 
off by more than 13 ft. When a field is harvested in alternating passes, the problem is 
further exacerbated. Making comparisons between small areas in a field from year to year 




The flow shift setting adjusts the crop flow and moisture data to account for the 
time delay between when the crop entered the header and when it was sensed at the clean 
grain elevator. It is a common conception that if the flow shift is incorrect, all of the data 
is simply in the wrong location. However, the flow shift setting only changes to which 
DGPS point the mass flow value and moisture estimate are assigned. The rest of the data 
in the file was sensed instantaneously and remains with the DGPS point at the time they 
were measured. Therefore, when the flow shift setting is changed, the yield values are 
recalculated. Since yield is a calculated value, changes in flow can be masked by changes 
in speed. Speed is often unsteady at the field perimeter and in areas of sudden yield 
changes. These areas are often used when visually assessing the impact of various flow 
shift settings. Because of this, using the crop flow data to visually assess the flow shift 
setting is recommended.  
Field areas that are typically looked at to determine the proper flow shift are also 
in areas that are considered high risk for low quality data. Previous research has shown 
that crop flow through a combine is not consistent across a field (Blackmore & Moore, 
1999; Pierce et al., 1997). It is likely that the optimum flow shift differs between different 
areas of the field, but without distinct yield differences in each area, they cannot be 
detected visually. Determining the optimum flow shift visually based on areas of low 
quality data with unsteady combine operation is not an ideal approach.  
The approach described previously where the number of low flow points were 
averaged to estimate the flow shift worked well in most years. A problem was 
encountered in several years, primarily corn years, where the header was lowered several 
seconds before the combine entered the crop. In these cases, the flow shift was 
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confounded with the start delay. In order for this approach to be successful, it was 
necessary to first determine the correct start delay and then average the number of low 
flow points. Since the correct start delay setting is highly dependent on the combine 
operator’s behavior, it is likely that the correct start delay changes from year to year and 
field to field. It is also possible for the optimum start delay to change within some fields 
depending on the layout and harvesting pattern. This data suggests the start delay is a 
bigger factor in corn years. This is perhaps due to the differences in combine header 
design and crop plant architecture.  
3.3.3 Data Integrity Zones 
Traditional data cleaning methods typically rely on the yield values to determine 
if the data is correct. These approaches can introduce bias when data is kept or deleted for 
the wrong reasons. By identifying areas in the field where data quality is likely to be low 
and removing that data in bulk regardless of the individual values, this bias can be 
avoided. In order to locate these areas, special attention was paid to other information 
about the field, the year, and the data.  
3.3.3.1 Mechanical  
Errors introduced into yield data by the mechanical operation of the combine are 
well documented and are shown to be pervasive in yield data (Arslan & Colvin, 2002; 
Blackmore & Marshall, 1996; Blackmore & Moore, 1999; Sudduth & Drummond, 2007). 
The distribution of the errors is not completely random and some areas of the field are 
consistently affected by the combine. By understanding what situations cause the yield 
monitor to collect unreliable data, it is possible to identify the areas where the data may 
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be poor quality. Previous research has shown that when speed is inconsistent, yield data 
is less accurate (Arslan & Colvin, 2001). Travel speed is most variable at the ends of each 
pass when the combine is turning. In some cases, there are areas where the combine has 
to stop suddenly or slow down quickly such as the washout in SEPAC J4.  
Because of the combine operation, a large number of low yield values occur near 
the perimeter of the field. When the raw data is used and these low yielding values are 
included, the mean estimate for areas of the field near the perimeter will be too low. One 
reason for these low values is the time necessary for the crop flow to move through the 
combine. These ramp up and ramp down times as the combine enters and leaves the crop 
area create a high proportion of low yield values at each end of the field.  
Another cause of these low yield values is overlap. When the combine is exiting a 
pass, the yield values being collected are attributed to areas in the field where the crop 
has already been harvested. This overlap causes the same areas to be counted multiple 
times. In years where the combine header up setting is not correct, this overlap is 
increased. The yield map from 2011 is a good example of when the header up setting was 
not properly adjusted (Figure A.5). The turns are clearly visible in the data and there are 
many data points where the yield is near zero. These additional data points overlap with 
areas of the field that have already been harvested. In this year, SMS reported the total 
harvested area as 22 acres. This error resulted in the yield being attributed to an 





Because mechanical operation errors are not randomly distributed across the field, 
it is possible to identify areas that are affected and create buffers that quickly, efficiently, 
and objectively remove data collected in those areas. The field perimeter buffers and the 
field specific buffers were designed to isolate and eliminate these issues. 
3.3.3.2 Soil Type 
Soil type maps were created before accurate geographic positioning systems were 
available for mapping. The scale and resolution of these maps are coarse and the data 
were never intended for field level uses. The soil type boundaries depicted in these maps 
are not necessarily reflective of the true location of the soil type transition on the ground. 
It is also important to understand that these transitions are not an immediate, hard line; 
the soil change is gradual and the soil characteristics are blended. Yield measurements 
taken near boundaries may not be representative of any of their associated soil types. For 
these reasons, the areas near mapped soil type boundaries are not ideal for estimating 
yield. The soil type buffer removes the data on either side of the soil type boundary.  
3.3.3.3 Environmental  
Environmental occurrences can also affect the accuracy of the yield estimates. 
Some of these are localized within a field, others are large- scale and may impact many 
fields, whole farms, or regions. The washout area in SEPAC J4 is an example of how 
poor drainage systems can impact the yield response. Each year, water movement in this 
area of the field damages the crop. Without careful documentation, this may be 
overlooked and the decrease in yield may be misinterpreted on a yield map. This 
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problem, while important to identify and address, should not be treated as an artifact if 
the data will be used for production decisions or broader yield analyses.  
The drought of 2012 and the excessive rainfall in 2015 are examples of 
environmental events that can cause more universal data quality issues. In these years, the 
errors in yield estimates were largest. In 2012 and 2015, the whole field yield was 
overestimated by the DIZ data. This is likely because the droughty conditions in 2012 
and the excessive rainfall and flooding in 2015 affected the field and the different soil 
types unevenly. Because of the major topographic variation in J4, certain areas of the 
field are greatly impacted by changes in rainfall amounts. Since both the highest and 
lowest areas of elevation are located near the edge of the field, the yield measurements 
from these areas are removed when the field perimeter buffer is applied. This may result 
in the removal of true yield responses in years were the weather conditions are extreme. 
However, it is impossible with current technology to separate the incorrect yield values 
from the correct ones in these areas. 
In 2015, the low yielding areas near the waterway were truly low yielding due to 
standing water early in the season; low yield were not just an artifact of the combine 
operation. Much of the waterway is made up of the Holton soil type. Because only a 
small portion of this soil type is located in the field, there is no yield estimate and the 
estimate from the Cincinnati soil was used. In most years, the yield response for the 
Cincinnati and Holton soils were similar enough for this extrapolation to be reasonable; 
however, in 2015, the flooding disproportionately affected the crop located on the Holton 
soil and using the yield estimate from the less affected Cincinnati soil area caused the 
large overestimation.  
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Data quality issues related to weather anomalies have broader impacts. Perhaps 
the data from years with weather extremes should be excluded from temporal analyses 
(or at least interpreted with caution). 
3.3.3.4 Agronomic  
Changes in managements practices can affect the quality of the data. The most 
obvious changes that need to be accounted for include multiple hybrids or varieties, 
varied rates of fertilizer or pesticide treatments, and different timings of planting or 
applications. The SEPAC J4 field did not have any of these changes in it. Different 
growing conditions should to be carefully noted (including a georeference) in order to 
ensure the data is properly used.  
In 2010, SEPAC J4 was harvested in a different pattern causing the impacts of the 
combine to be in different areas of the field. The normal DIZ buffers were not able to 
completely remove the areas affected by the combine turning. Once an additional buffer 
was applied, the analysis results showed that the data quality was improved with this 
additional buffer and data removal. 
3.3.4 Impacts of Liberal Data Removal 
Data cleaning methods have reported to remove approximately 10-20% of the 
yield data due to errors (Arslan & Colvin, 2002; Blackmore, 1999; Blackmore & Moore, 
1999; Simbahan et al., 2004). Some research has claimed that removing too much data 
can create problems when the data is analyzed (Simbahan et al., 2004). The high level of 
variability in a field with an atypical shape like SEPAC J4 created a scenario where a 
very high proportion of the data was collected in areas where the risk of errors and 
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artifacts was high. Because of this, the buffers designed to remove data collected in these 
risky areas resulted in the removal of over 60% of the data. The stepwise analysis 
uncovered that in several cases the yield data showed the biggest sensitivity to the data 
removal after the field perimeter buffer was applied to remove the mechanical errors. The 
large reduction in data points reduced the statistical power to detect differences between 
the means and the data still contained a significant amount of error and noise that had not 
yet been removed. In these years, the p-values decreased as the other buffers were applied 
and the errors were effectively removed. The standard errors of the means decreased or 
stayed the same when the DIZ data was used. This indicates that the confidence in the 
estimate was just as good or better even when these much smaller subsets of the data are 
used.  
3.3.5 Corn Data Analysis 
The yield on each of the three soil types were different in nearly every year. 
Because the yield differences were large in most years, the differences were easily 
detectable even with the heavily reduced DIZ datasets. In 2013, the DIZ data determined 
that the Avonburg and Nabb soils yielded the same. The smaller error in the whole field 
estimate when the DIZ data was used rather than the raw data indicated that the estimates 
for the individual zones are more accurate. In 2015, the Cincinnati and Nabb soil types 
were not determined to be statistically different. 2015 was the only year where the error 
from the whole field estimate was greater with the DIZ data than with the raw data. This 
suggests that the estimates for the individual zones were not as accurate. However, it is 
likely that the yield estimate from the Cincinnati soil zone was not representative of the 
Holton soil zone under these environmental conditions and the extrapolation was not 
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appropriate. If this approach were used for an entire farm or a series of fields, it would be 
likely that a yield estimate would be available for the Holton soil from a different field. 
This could provide more accurate estimates for areas too small to measure accurately. 
The temporal yield index makes it possible to compare the yields among years. 
Despite the large variation in yields between years, the normalized yield values were very 
similar. This indicates that the soil type management zones are appropriate for this field. 
The standard error of the temporal yield index shows how stable the temporal yield 
response is for each zone. The temporal yield stability of the soil type management zones 
improved when the 2015 season was treated as an outlier and removed. In this year, the 
yield responses for each soil type deviated from the norm due to the extreme weather 
conditions. The Avonburg soil which is in a high elevation area of the field had the most 
unstable yield response overall and had its lowest temporal yield index in 2015. The high 
elevation helped the Avonburg soil type zone avoid the flooding but the heavy rainfalls 
caused seed movement and lower populations on the slopes areas within the zone. This in 
turn, caused the yields in this zone to be lower than normal. The Cincinnati soil type zone 
had its highest temporal yield index in 2015. Whether this was a result of the seed 
movement downhill into this zone or the extra moisture cannot be determined with the 
available data. If additional data is not available, it would be recommended that this data 
be removed for decision making purposes. 
For SEPAC J4, the yield estimate was always lower when the raw data was used 
for analysis. If the raw data was used, the corn 5-year yield average was 148 bu/ac. When 
the DIZ data was used the 5-year average was 169 bu/ac. Underestimating the average 
yield by 22 bu/ac can influence the way the field is managed.  
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3.3.6 Soybean Data Analysis 
The yield differences for the soybean years were smaller and as a result the 
estimates were more sensitive to the reduction in data. Whether or not the yields for each 
of the zones were statistically different changed as each buffer was applied. As was the 
case in 2010, running the analysis before all the necessary buffers were applied resulted 
in an increase in the standard deviation and the standard error of the estimate when 
compared to the raw data. Although the changes in the mean estimates were small, the 
remaining data errors caused the statistical confidence in the estimate to be weaker, the 
confidence intervals to be wider, and power to detect statistical differences to be lower. In 
2014, the Avonburg and Nabb soils yielded the same when the DIZ data was used. Since 
the error from the whole field mean was smaller when the DIZ data was used, it is logical 
that the individual estimates were more accurate with the DIZ data.  
The temporal yield index shows that the yields for each soil type zone were very 
stable over time and using the DIZ data had very little impact on the stability of the 
temporal analysis. The exception was the Avonburg soil zone. In 2012, the Avonburg soil 
zone had its highest temporal yield index, this value was unusually high. With the 
droughty conditions, it was expected the topographically high points of the field would 
yield lower than normal. Excluding 2012 from the temporal analysis results in a much 





3.3.7 DIZ vs. non-DIZ Data 
Previous research has shown that yield monitors perform most accurately when 
the combine is operated in a steady state (Arslan & Colvin, 2001). Increased errors in 
yield values have been documented when the travel speed is changing and also when the 
crop flow is not consistent. Because these changes are unavoidable, there will always be 
areas where the yield data is not accurate. These areas can be difficult to detect by 
looking at the yield values. One major goal for the buffers was to remove data from areas 
where the requirement of near steady state operation was not met. The measurements for 
travel speed and crop flow were compared between the data collected from DIZ and areas 
not in DIZ. Both travel speed and crop flow in non-DIZ areas reflected much more 
variation in combine operation. The paired t-test of CVs between the DIZ and non-DIZ 
data confirms that the variation in travel speed and crop flow are higher in non-DIZ areas, 
with the data removed by the field perimeter buffer containing most of the variation in 
speed and crop flow.  
These speed and crop mass flow comparisons, combined with the analysis showing 
the improved data quality, supports previous research studies that demonstrated reduced 
accuracy of yield monitor measurements when combine operation deviates from steady 
state. When data from areas of the field where the combine was operating less 
consistently was removed, the yield data had smaller standard deviations, with more 
narrow confidence intervals, and the standard errors were smaller. 
This comparison also showed that the errors introduced into the yield data by the 
combine are not randomly distributed across the field. This is an important finding 
because the assumptions that statistical modeling can remove errors in larger datasets is 
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only true when these errors are random. When the errors are consistent or affect some 
areas of the field more severely than others, traditional statistical approaches cannot 
compensate and correct for it and the results and interpretations may be incorrect.  
3.3.8 Yield Map Interpolation 
The minimal differences between the interpolated yield maps are not surprising 
because of the dense resolution of yield data and the high consistency of the 
measurements in the zones isolated by the DIZ method. Few data points were removed 
from the interior of the field; therefore, the areas with missing data to be interpolated 
were small. The low yield estimates in the raw data at the perimeter of the field reduced 
the yield values near to them in the interpolated maps. This caused the yield to be 
underestimated near the edges of the interpolated maps. The DIZ data, when interpolated, 
overestimated the yield in the washout area. However, the reduced yield in the washout 
area is not representative of the larger soil type zone or agronomic management that 
occurred there. The purpose of the DIZ method is to improve the yield estimates that will 
be used for future management decisions.  
The visual display of interpolated yield maps does not quantify the differences 
between the descriptive statistics of the raw data and DIZ data. 
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CHAPTER 4. NORTHEAST PURDUE AGRICULTURAL CENTER S13 
4.1 Materials and Methods 
4.1.1 Datasets 
4.1.1.1 Yield Data 
Fourteen years of historical yield data were provided from field S13 at the 
Northeast Purdue Agricultural Center (NEPAC; Figure 4.1). S13 is approximately 25 
acres and has been used for various experiments including fungicide and insecticide 
treatment trials and nitrogen rate trials. S13 was in a corn/ soybean rotation from 2002 to 
2010. The rotation was disrupted for fungicide treatment and nitrogen rate trials with 
soybean planted in 2011 and wheat in 2012. The corn/ soybean rotation was resumed in 
2013. The yield data were collected using an AgLeaderTM PF 3000 ProTM (2002-2012) 
and an AgLeaderTM IntegraTM (2013-2015). 
 
Figure 4.1 Location of NEPAC S13 (Latitude:  41.106807, Longitude: -85.397318). 
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4.1.1.2 Additional Agronomic Data 
A field log documenting all field activities that took place in S13 dating back 25 
years was provided. This log is attached in Appendix B. As applied maps for fertilizer 
application were also provided (Figure 4.2). As necessary, additional information or 
clarification of provided data was obtained through personal communication with the 
NEPAC managers. 
 
Figure 4.2 As-applied map for sidedressed 28% N-fertilizer showing difference in 
application date. 
 
From the 14 years of yield data, 2004 was selected for analysis because all other 
years had enough metadata to raise concerns about the ability to properly interpret the 
yield data. This year the field was planted to one variety and population. The only major 
management change indicated in the field log was a delay in nitrogen sidedress 
application due to rain. The western portion of the field was sidedressed on May 18, 2004 
and the remainder of the field was completed on June 3, 2004. Herbicide was spot 
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applied but no corresponding as- applied map or information about the precise location of 
these treatments were available.  
4.1.1.3 Soil Type Data 
The soil type data was retrieved from Web Soil Survey (Soil Survey Staff, 2013). 
Seven soil types are represented (Coesse silty clay loam, Glynwood loam, Morley loam, 
Morley clay loam, Morley clay loam- severe slope, Rawson sandy loam, and Sloan loam) 
in the field (Figure 4.3) and the soil type characteristics are given in Table 4.1.  
 







Table 4.1 Soil characteristics of soil types represented in NEPAC S13 (Soil Survey Staff, 
2013). 













0-2 2.5 150 44 
Glynwood 
loam 
2-6 2.5 128 41 
Morley clay 
loam 
5-12 9.7 105 37 
Morley clay 
loam- severe 
12-20 0.1 90 32 
Morley loam 3-6 8.9 105 44 
Rawson sandy 
loam 
2-6 0.8 140 49 
Sloan loam 0-1 0.5 150 40 
 
4.1.1.4 Topography Data 
The topography data was obtained from Open Topography (IndianaMap 
Framework Data, 2013). S13 has 30 feet of elevation change but is primarily gently 




Figure 4.4 LiDAR topography map for NEPAC S13 from Open Topography 
(IndianaMap Framework Data, 2013).. 
 
4.1.1.5 Weather Data 
Weather data for 2004 for the area near NEPAC S13 was downloaded from 
MRCC (MRCC, 2016). The data was collected by the Columbia City weather station 
located at 41.1453, -85.4897 (approximately 5.5 miles from field S13). The data included 
temperature, precipitation, and growing degree days (GDD). The cumulative precipitation 




Figure 4.5 Cumulative precipitation (in) for NEPAC S13 in 2004. 
 





4.2.1 Yield Data Preprocessing 
The data was prepared using the same methods described previously for SEPAC 
J4. For NEPAC S13, the original settings for 2004 were start and stop delay of 4s and a 
flow shift of 10s. The optimum flow shift was determined to be 8s. Figure 4.7 shows the 
yield map after the flow shift was corrected. The SSURGO data and nitrogen as-applied 
data were joined to the yield data. The field buffer was 45 feet. The soil type buffer and 
field specific buffer (N application date change) were each 15 feet. A year specific buffer 
was applied to remove the data from the northwest portion of the field affected by the 
construction of the WASCOBs (Water and Sediment Control Basins) constructed to the 
southwest of the field that spring. (Figure 4.8 shows the yield data after the buffers were 
applied. Two data files were generated for comparison; the raw data and the DIZ data 





Figure 4.7  2004 yield map from NEPAC S13 with a flow shift setting of 8s. 
  




4.2.2 Effect of Buffers 
The buffers removed 36% of the total data. The two N-date treatments were not 
equally affected; 34% of the data in the May 18th zone and 40% of the data in the June 3rd 
zone were removed. The soil type zones were also affected unequally because of location 
within the field. Table 4.2 shows the percentage of data removed from each soil type 
zone. Several of the soil type zones did not have enough data points (< 100) to accurately 
estimate the mean after the buffers were applied. These soil type zones were not included 
in the analyses.  
Table 4.2 Data points removed for each soil type zone. 
  Number of Raw Data Points 




Coesse silty clay loam 791 674 15 
Glynwood loam 826 345 58 
Morley clay loam 2937 1904 35 
Morley clay loam- severe 26 2 92 
Morley loam 2755 1969 29 
Rawson sandy loam 211 23 89 
Sloan loam 138 33 76 
 
4.2.3 Analysis of Yield Data 
4.2.3.1 Soil Type and Nitrogen Application Date Analysis 
Tables 4.3- 4.6 show the descriptive statistics of each soil type by N application 
date determined with the raw and DIZ data. The mean yield estimate increased for every 
soil type- treatment combination. The standard deviation decreased when the DIZ data 
was used. The standard error of the mean decreased or stayed the same when compared to 
the results from the raw data. 
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Table 4.3 Descriptive statistics for 2004 NEPAC S13 corn yield by soil type for the May 













Coesse silty clay loam 166.9 31.8 1.28 19.2 
Glynwood loam 125.2 53.6 2.08 43.5 
Morley clay loam 122.5 51.2 1.16 42.3 
Morley loam 142.0 50.0 1.00 35.5 
 
Table 4.4 Descriptive statistics for 2004 NEPAC S13 corn yield by soil type for the May 













Coesse silty clay loam 169.5 30.0 1.29 17.8 
Glynwood loam 146.3 49.0 2.77 33.7 
Morley clay loam 139.4 38.0 1.14 27.4 
Morley loam 157.5 30.1 0.71 19.0 
 
Table 4.5 Descriptive statistics for 2004 NEPAC S13 corn yield by soil type for the June 













Coesse silty clay loam 133.0 25.7 1.93 19.3 
Morley clay loam 148.5 34.1 1.08 23.1 
Morley loam 149.0 27.3 1.69 18.5 
 
Table 4.6 Descriptive statistics for 2004 NEPAC S13 corn yield by soil type for the June 













Coesse silty clay loam 133.4 25.4 2.24 19.0 
Morley clay loam 151.6 25.1 0.90 16.5 
Morley loam 154.1 21.9 1.69 14.2 
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 Regression analysis of yield for the three soil types that were present in both the 
N-application zones was modeled using Equation 4.1. The parameter estimates calculated 
with the raw and DIZ data are shown in Table 4.7. The effects of soil type, N application 




ቁ ൌ ߚ଴ ൅ߚଵሺܺଶሻ ൅ ߚଶሺܺଶሻ ൅ߚଷሺܺଷሻȂߚସሺ ଵܺ כ ܺଷሻȂߚହሺܺଶ כ ܺଷሻ [4.1] 
Where  
X1 = 1 for Morley loam soil type, 0 otherwise 
X2 = 1 for soil type Morley clay loam soil type, 0 otherwise 
X3 = 1 for May 18th N application date, 0 otherwise 
Table 4.7 Parameter estimates for linear regression analysis of yield on NEPAC S13 in 
2004 with raw and DIZ data (Eq. 4.1). 











β0  132.95 3.27 133.41 2.67 
β1 15.52 3.54 20.70 3.54 
β2 16.05 4.23 18.18 2.87 
β3 33.96 3.72 36.06 2.97 
β4 -59.91 4.09 -32.67 3.84 
β5 -40.99 4.68 -48.21 3.29 
 
4.2.4 Comparing DIZ and non-DIZ Data 
The descriptive statistics of yield, travel speed, and crop mass flow for the data 
collected in DIZ and non-DIZ areas are shown in Table 4.8. The mean yield estimate of 
the data collected in DIZ was higher than the mean yield estimate of the data collected 
outside of DIZ. The standard deviation was much lower for the data collected in DIZ and 
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the CV with the DIZ data was approximately half the CV from the non-DIZ data. The 
mean speed was higher in the DIZ areas of the field. The standard deviation and CV were 
both lower. The mean crop flow rate in the DIZ areas of the field was significantly higher 
than the crop flow rate in the non-DIZ areas. The standard deviation and CV were much 
smaller in the DIZ areas.  
Table 4.8 Descriptive statistics of yield, travel speed, and crop mass flow for DIZ and 
non-DIZ areas of NEPAC S13 in 2004. 
  Non-DIZ Data DIZ Data 
Variable Mean STD CV Mean STD CV 
Yield (bu/ac) 112.2 59.9 53.4 152.1 33.8 22.3 
Speed (mph) 2.98 0.52 17.4 3.09 0.40 13.1 
Crop Mass 
Flow (lb/s) 10.47 5.84 55.8 14.49 3.69 25.5 
 
4.3 Discussion 
4.3.1 Yield Data Analysis 
4.3.1.1 Soil Type Zone Analysis 
Depending on the metadata available to the person conducting the analysis on this 
field, there are three approaches that may be chosen. The results and interpretation for 
each of these are different.  
The first and most likely approach would be to compare the differences in yield 
between the soil types. However, because of the significant delay in nitrogen sidedressing 
on a portion of the field, these yield estimates are a blend of responses to different 
treatments. These estimates only provide an accurate representation of the yield on the 
soil types that were confined to only one application date, when the estimates are not 
averaged over two treatments.  
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If this delayed application was intentional, it would also be possible that the two 
treatments would be compared to each other without regard to soil type. In this case, the 
conclusion would be that the June 3rd nitrogen application resulted in a lower yield. 
While it is true that the east side of the field yielded lower than the west side on average, 
the yield difference was due, in part, to different soils. The conclusions are not the same 
when the differences between the two treatments are compared by soil type. If the effect 
of construction on the northwest corner of the field was not accounted for properly, the 
conclusion would have been that later N application was better.  
When the data is analyzed taking both the treatment difference and the soil types 
into account, the results show that the delayed nitrogen application resulted in a 36.1 
bu/ac decrease in yield on the Coesse loam soil, a 12.2 bu/ac increase in yield on the 
Morley clay loam soil, and a 3.4 bu/ac decrease in yield on the Morley loam soil.  
This analysis demonstrates the importance of knowing enough context for the yield data 
to be analyzed correctly.  
4.3.1.2 DIZ vs non-DIZ Data 
As previously noted, yield monitors have been shown to measure most accurately 
when the combine is operating at a steady state. The large amount of variation in both 
speed and crop flow rate in the data collected in the non-DIZ areas of the field compared 
to the DIZ areas suggests that this data is more likely to be inaccurate. The removal of 
this data resulted in decreased variation in the yield measurements and higher confidence 




The amount of data removed was not equal for each zone. This demonstrates that 
the errors the buffers are designed to remove are not distributed evenly across the field. 
Because of this, failure to completely remove these data points can cause errors in yield 
interpretation within and among fields.  
4.3.2 Metadata Quality 
Several different types of data were provided for NEPAC S13 including yield 
data, as-applied data, and the field log. The field log and as-applied data were used to 
properly interpret the differences in yield across the field. Even with this available data, 
personal communication with the NEPAC farm manager was needed to fully understand 
what had occurred in the field.  
NEPAC S13 has been used for various research experiments over the years. 
Although the field log contained careful documentation of field activities, the information 
was not useful without the corresponding as-applied maps or the memory of the research 
staff. 2004 was selected because it had the most complete documentation. Even so, some 
areas were treated with herbicides for weed control and the documentation of these areas 
was not provided. In order for proper interpretation of the yield data, comprehensive and 





CHAPTER 5. CONCLUSIONS AND RECOMMENDATIONS 
5.1 Conclusions 
5.1.1 Agricultural Data Organization and Interoperability 
The amount of data necessary to fully interpret yield data is not inconsequential. 
Since this data is generated by various technologies and tools, the data takes various 
forms. Efficiently bringing together these disparate types of data into a form that is easy 
to use and analyze is a key challenge for agriculture moving forward. The methods of this 
research were tedious and time consuming, even for only two fields. In order for this data 
to be utilized on a broader scale, great strides will need to be made in the industry to 
make the transfer and use of the data more feasible.  
5.1.2 Yield Data Collection 
5.1.2.1 Calibration 
One of the biggest concerns when considering yield data quality is proper 
calibration. Without proper calibration, the yield data may not be accurate and the 
decisions made based on its interpretation may be wrong. As the results from SEPAC J4 




cumulative weights did not match the scale weights (-0.7 to 8.9% error). Unless there are 
corresponding scale data to validate yield monitor results, caution should be used when 
working with historical yield data. Several software packages tout the ability to calibrate 
yield data during post processing. It is important to note that these “calibrations” are 
often a similar linear adjustment in the values to make the yield monitor total weight 
match with the reported scale weight. Unless the calibration was simply off by a linear 
factor, this adjustment will not correctly adjust the individual yield measurements.  
Forthcoming advances in yield monitoring technology include “on-the-go” 
calibrations that promise to simplify or eliminate the need for manual calibrations. The 
algorithms that these calibrations use will need to be complex; taking into account the 
fluidity of moisture and test weight within a field. Flow dynamics through a combine will 
continue to complicate yield calculations, especially when even more measurements are 
being taken at various points in the flow stream. While there is potential for these new 
yield monitors to provide more accurate yield estimates, there is also a possibility that 
they will introduce more challenges to an already challenging data quality problem. 
5.1.2.2 Flow Shift 
Determining the correct flow shift setting is also crucial to properly interpreting 
yield data. In many cases, the default setting from the yield monitor is used. A default 
setting that is close to correct, in many cases, creates confidence that the data is correct 
and differences of a few seconds can be difficult to visually detect, especially in larger 
scale yield maps; this error may go unaddressed. This raises the concern that this error is 
more pervasive than most data users are aware. 
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The results from the nine years of SEPAC J4 data showed that the default setting 
was only correct for one year. It is likely that the optimum flow shift changes with 
differences in combine operation due to the dynamic nature of grain flow through the 
combine. This inconsistency in the optimum flow shift across a field creates an 
opportunity for improvement. This raises concerns, since often the areas that are typically 
used to line up yield responses visually are areas where the yield response changed 
dramatically. In many cases, these areas are confounded with areas where yield data 
quality is likely to be low. Further investigation into grain flow dynamics could provide 
insight into better methods of determining the proper flow shift setting independently of 
the yield data.  
Another concern is that many believe that an error in the flow shift setting means 
that the yield values are simply not accurately placed. However, the flow shift setting also 
affects the yield calculation because it matches the flow data with the area data. When the 
flow shift setting is changed, the yield estimates also change. The effect of this error 
would be lessened if the yield measurements were taken from equally sized areas instead 
of at equal time intervals. One solution would be for the sampling rate to be determined 
on-the-go as a function of the travel speed. Uniform sample areas would also simplify the 
data analysis by eliminating the need to weight yield values by area.  
5.1.3 Data Quality Metrics 
The results of this research have uncovered several metrics that can be used to 
measure data quality. These statistics were used to determine if the yield data quality 
improves with the DIZ approach.  
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5.1.3.1 Standard Deviation 
The standard deviation of the yield data describes the variability in the estimates. 
When the DIZ data was used the standard deviation was reduced. This reduction in data 
created a dataset with less variation and potentially less noise and fewer errors. Because 
of the mixing and smoothing that occurs within the combine, yield sensors are not 
sensitive to large and sudden changes in yield and extreme values in yield data were 
likely to be collected in error. The reduced variation indicates that many of these values 
were removed by the buffers. 
5.1.3.2 Standard Error 
The standard error of the mean describes the confidence in the mean estimate. The 
standard error typically decreases as the sample size increases. However, the standard 
error decreased or stayed approximately the same when the DIZ data was used in many 
of the years. This suggests that since the remaining data is more consistent, the 
confidence in the mean estimate is higher despite the reduction.  
5.1.3.3 Whole Field Error 
If accurately knowing the whole field mean is the end goal, there are more 
effective methods than using a yield monitor. Simply weighing the trucks leaving the 
field or totaling the amount of grain that makes it to the bin is more accurate than the 
estimates from the yield monitor. A primary use for yield monitor is to construct yield 
maps or to obtain estimates of smaller areas, such as management zones, within a field. 
Calculating the whole field error makes it possible to determine if the accuracy of the 
individual management zone yield estimates has been improved. Error in the whole field 
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average is lower when based on DIZ data than for the raw data; therefore, we can 
presume that the estimates for the individual zones are more accurate.  
5.1.3.4 Temporal Yield Stability Index 
While not necessarily an indicator for data quality, the temporal yield stability 
index (the standard deviation of the normalized yield) is valuable for assessing the utility 
of yield data for management purposes. This index describes the stability of the yield 
response over time. Management strategies may not be effective if the yield response is 
variable across years and conditions. The soil type management zones identified in 
SEPAC J4 showed good stability across years, especially when years with extreme and 
uncharacteristic weather conditions were excluded from the analysis. If a zone has a high 
index, it is possible that there is unidentified variation within that zone and it may be 
necessary to further divide it. Closer analysis of the metadata for that area of the field 
could help identify the underlying causes such as undocumented changes in agronomic 
practices, isolated weather damage (e.g.; wind, hail) or pest or disease presence. 
Measuring the robustness of the yield in each zone can help determine how responsive an 
area may be to altered management. Understanding the causes of yield variation within a 
field and creating management zones around that variation will simplify the development 
and increase the effectiveness of prescriptive management plans. 
5.1.4 Data Quality and the DIZ method 
Yield data sets consist of large numbers of point values. These values are samples 
that are used to estimate the yield of a larger area. Data cleaning methods of the past 
focused on removing data points that appeared to be incorrect. These approaches selected 
data to be removed primarily based on the yield value. The DIZ approach was designed 
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to remove all the data collected in areas of a field where data quality is likely to be 
questionable. These areas were determined by associated information about the 
machinery operation, the environmental conditions, and the agronomic practices. Data 
was objectively removed (or kept) prior to analysis regardless of the yield value.  
There was concern that if too much data was removed, the ability to confidently 
estimate the mean yields and determine differences between management zones would be 
lost. The results from the analysis of SEPAC J4 show that even after over 70% of the 
total data was removed, the ability to detect small yield differences still existed and the 
confidence in the mean estimates was just as good, or better in some cases, compared to 
the results from the raw data. The amount of data removed varied significantly between 
the two fields analyzed because of the very different field layouts and levels of variation. 
No two fields will be alike and target data removal should be determined by field 
variation, not an average “error” in yield data. How much data removal is “too much” 
will be evident when increased removal no longer improves the data quality metrics. 
Another concern was the management challenges created when zones within a 
field do not have enough data to accurately estimate the yield. The need to vary the 
management of these zones would depend on their size. If the area is large enough to 
justify a separate management plan, it would be possible to use yield estimates from 
similar zones in other fields. However, accurate estimation of the yield response to varied 
management in these areas will still be limited. 
Many believe the power of big data stems from the ability for statistical analysis 
to overcome the errors in the data that inevitably occur. Statistical analysis is equipped to 
deal with two types of errors: random and systematic. The prescribed remedy for 
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controlling random errors is to increase the number of samples to dilute the impact of 
these errors. Systematic errors are assumed to be equal and directional and must be 
corrected by scaling the data. Many of the errors that occur in yield data are neither 
random nor systematic and, as a result, statistical analysis cannot compensate for them. 
These types of errors must be addressed prior to analysis in order to ensure the validity of 
the data interpretations. The DIZ approach enables efficient data removal from high risk 
areas where errors in yield measurement are prevalent. 
The shift to decision agriculture has created changes in the way yield data is used. 
As management units become smaller, there is growing need for more precise yield 
estimates for subsections of fields. Yet, combines were developed to efficiently cut and 
thresh large fields, the blending of material that inevitably occurs has made it challenging 
to develop yield sensors and software that are accurate for small spatial units. The 
development of resources (i.e. soil maps) with the necessary resolution for the proposed 
applications has been slow and field collected data (i.e. as-applied maps, satellite or UAV 
imagery) have not been rigorously tested for accuracy and quality (and they, too, must be 
calibrated). The DIZ approach was developed to account for some of the ambiguity in 
these data types and can perhaps mitigate some of the over interpretation that occurs.  
The results from this research demonstrated that the DIZ approach made it 
possible to clean the yield data by using context. The thorough removal of errors and the 
inclusion of more data resulted in higher quality data and higher confidence in the results 
and subsequent interpretation of the yield data.  
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5.1.5 Impact of Data Quality on Farm Decisions 
Data quality becomes especially important when the data is going to be used for 
decision making in the future. If the differences in analysis and interpretation between the 
raw data and the DIZ data are large enough, the management decisions made based on 
the data could be different. Many agronomic decisions are based on the historical yield 
results and mistakes in these decisions can be costly both short term and long term.  
The average yield estimates were higher when the DIZ approach was used prior to 
analyzing the data (22 bu/ac average difference for corn and 3 bu/ac average different for 
soybeans for the SEPAC data). The data quality metrics indicated that these estimates 
were more accurate than the estimates from the raw data.  
Underestimating yield can impact other aspects of the farming operation, such as 
crop insurance or cash rent decisions. If a field is managed with the incorrect yield target, 
a deficit in inputs could affect future yield potential in that field and a surplus in inputs 
could result in decreased profits and deleterious environmental impacts. For example, the 
22 bu/ac difference between the yield estimates from the raw and DIZ data across a 15 ac 
field would be worth $1125 when corn is $3.75. If the error in the yield estimate is not 
realized, it could lead to a decision to reduce nutrient application and result in a deficit 
over time.  
5.1.6 Data Quality in Other Data 
Other data is necessary to fully analyze and interpret yield data. However, it is 
important to note that quality issues exist in all types of data. Understanding the 
limitations of the data is a crucial component of data quality. 
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The soil maps used for this analysis are an example of data that needs to be 
applied intelligently when used. This data was not intended to be used for analysis on 
field scale. When the SSURGO data is downloaded from Web Soil Survey, a warning 
message accompanies it. This message in part reads: “Enlargement of maps beyond the 
scale of mapping can cause misunderstanding of the detail of mapping and accuracy of 
soil line placement.” The soil type buffer, while it will not remove all the ambiguity, aims 
to alleviate some of the fuzziness of the available soil maps. These soil maps also contain 
inclusions, areas that were deemed too small to map, within fields. Therefore, it is 
important to be aware that not all soil variation is captured by these maps. As more 
accurate maps become available, the appropriate method for managing the data may 
change.  
As-applied maps whether for planting, fertilizer, or other applications come with 
their own set of data quality challenges. Point values in these files, similar to the yield 
data, will have noise. There are likely areas of the field where the data collected is not 
trustworthy because of the way the planter or applicator perform. Some of the data may 
not accurately reflect the actual applied rate if wind speed and direction are not 
considered. It is likely much of this data is not meaningful without information about the 
environmental conditions flanking the applications. More research is necessary to 
understand how these various data types should be handled and how they can be 
incorporated into the data analysis process. Until then, it would be wise to use this data 




5.2.1 Yield Data Collection 
5.2.1.1 Calibration 
The importance of calibration has been well communicated; however, it bears 
repeating. Proper calibration is crucial to data quality. Research that demonstrates the 
impact of incorrect calibrations both in terms of data quality and economics may further 
drive the point home. 
Data management tools that aggregate data across farms should require 
corresponding scale weights also be provided to validate the calibration of incoming yield 
data. Producers should be well informed about the quality of data that these tools use 
before investing. The potential returns of the use of these tools are highly dependent on 
the data that they use and the cost of making the wrong decisions based on others poor 
data may be very high. 
5.2.1.2 Flow Shift 
Currently, a built in setting for flow shift is necessary to produce a “live” yield 
map on the display in the combine. It would be better for the yield data processing to start 
with a flow shift of zero. This would create a need to address the problem prior to 
analysis because the error would be obvious when the yield map is viewed. Starting with 
the flow shift setting at zero also makes it easier to take a quantitative approach (counting 
pixels as explained in methods) instead of the qualitative, visual comparison. Ideally, 
yield monitors could be equipped with software that has the capability to sense changes 
in speed, crop flow, and other relevant factors and adjust the flow shift for the data 
accordingly. This would eliminate the need for manual adjustment and reduce the chance 
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of error. One solution is a simple sensor on the header that detects when crop material is 
present and recording the time delay until a threshold reading is reached. The software 
could then adjust the setting based on the measured delay, independently of the operator.  
5.2.2  Data Processing and Analysis 
Because many of the errors in yield data are neither random or systematic, it is 
necessary to remove them prior to analysis. This is especially important when the data 
will be used to analyze individual management zones that are not equally distributed 
across a field. The DIZ approach removes errors and artifacts in yield data through the 
use of the field and operational metadata. The data quality metrics described above 
(standard deviation, standard error, whole field error, and temporal yield stability index) 
should be used to determine if the data is enough high quality and if the field is 
appropriately divided into management units.  
Yield data should be interpreted based on the smallest and most uniform subunit. 
Averaging yield data when the factors that affect yield are not well documented and 
accounted for can lead to poor management decisions. Benchmarking yield data is only 
worthwhile when you are comparing yield over similar conditions. Documenting the 
factors that led to the yield response is important and will help maximize the value of the 
yield data. 
5.2.3 Metadata Collection 
Accurate metadata is important to correctly interpreting yield data. It is likely that 
the majority of historical yield data does not have sufficient metadata documented to 
enable thorough and accurate analysis. Facilitating accurate metadata collection will be 
key to the success of decision agriculture. Apps are available to make collecting 
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information more convenient have been developed. These apps make it easy to collect 
georeferenced data in the field. Geofences make it possible for a device to remind the 
user to record data when they are in a field. Microservices, could be a strong complement 
to these apps and streamline the collection and pre-analysis of data. Microservices could 
gather and package relevant metadata like weather before, during, and after a field 
operation is recorded. These methods could remove some of the hassles of gathering data 
which sometimes is so daunting that the data is not acquired, suitably processed, and 
used. 
5.2.4 Educational Needs 
The future success of decision agriculture depends on data quality and an 
understanding of the capabilities and limitations of data. Despite the importance of yield 
data for analysis not only on the farm but also in agronomic research, many data users to 
not fully understand yield data. Precision agriculture courses should include a thorough 
unit covering agricultural data collection and management. Datasets need to be made 
available so students can experience the challenges of working with agricultural data. 
Extending this training to crop advisors and agronomists could help drive the 
improvement of agricultural data quality.  
Recently, the role of many University Extension programs have been reduced due 
to lack of funding and industry has filled this role of providing information. It is 
important to note that the information provided by seed and fertilizer companies or co-
ops may not be without bias and the worst of it is nothing more than marketing hype. 
Farmers need to be skeptical of the information they are provided and ask the right 
questions to be sure the products they are being offered will create profit. Independent 
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and reliable information about new decision agriculture technologies and will be crucial 
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Appendix A  
DIZ data files are available at https://engineering.purdue.edu/~dbuckmas/research/DIZ 
 
 





Figure A.2 2008 soybean yield map for SEPAC J4 with a flow shift setting of 8s. 
 
 





Figure A.4 2010 soybean yield map for SEPAC J4 with a flow shift setting of 8s. 
 
 





Figure A.6 2012 soybean yield map for SEPAC J4 with a flow shift setting of 8s. 
 
 





Figure A.8 2014 soybean yield map for SEPAC J4 with a flow shift setting of 12s. 
 
 





Figure A.10 Example planting as-applied map (2015). 
 
 




Figure A.12 2007 interpolated corn yield map for SEPAC J4 derived from raw yield data 
and masked to the extent of the 75 ft field perimeter buffer. 
 
 
Figure A.13 2007 interpolated corn yield map for SEPAC J4 derived from DIZ yield data 





Figure A.14 2009 interpolated corn yield map for SEPAC J4 derived from raw yield data. 
 
 
Figure A.15 2009 interpolated corn yield map for SEPAC J4 derived from raw yield data 





Figure A.16 2009 interpolated corn yield map for SEPAC J4 derived from DIZ yield data 
and masked to the extent of the 75 ft field perimeter buffer. 
 
 




Figure A.18 2011 interpolated corn yield map for SEPAC J4 derived from raw yield data 
and masked to the extent of the 75 ft field perimeter buffer. 
 
 
Figure A.19 2011 interpolated corn yield map for SEPAC J4 derived from DIZ yield data 







Figure A.20 2013 interpolated corn yield map for SEPAC J4 derived from raw yield data 
 
 
Figure A.21 2013 interpolated corn yield map for SEPAC J4 derived from raw yield data 




Figure A.22 2013 interpolated corn yield map for SEPAC J4 derived from DIZ yield data 
















Example SAS Code for Statistical Analysis 
*Descriptive statistics for yield data; 
proc sql; 
 title 'Descriptive Statistics - Corn'; 
 select year, soiltype, sum(area*YLD_VOL_DR)/sum(area) as WeightedAverage, 
 std(YLD_VOL_DR) as STD, 
 stderr(YLD_VOL_DR) as STDERR, 
 cv(YLD_VOL_DR) as CV 
  from (select year, soiltype, YLD_VOL_DR, 
   case 
    when area gt 0 then area 
    else 0 
    end as area 
    from Corn_DIZ) 
   group by year, soiltype; 
 
*Proc GLM with weighted means for yield data; 
proc glm data=Corn_DIZ; 
title 'Bonferroni Means Comparison- Corn DIZ'; 
 class soiltype; 
 by year; 
 model YLD_VOL_DR = soiltype; 
 weight area; 
 means soiltype / bon clm alpha=.05; 
 lsmeans muname / pdiff adjust=bon alpha=.05; 
 run; 
 
*Calculate weighted means for DIZ and non-DIZ data 
proc sql; 
 title 'Weighted Averages'; 
 select year, type, sum(area*YLD_VOL_DR)/sum(area) as WeightedAverage 
  from (select year, type, YLD_VOL_DR, 
   case 
    when area gt 0 then area 
    else 0 
    end as area 
    from Corn_DIZvnonDIZ) 









*Proc GLM for speed; 
proc glm data= Corn_DIZvnonDIZ; 
title 'DIZ v NDIZ Corn - Speed'; 
 class type; 
 by year; 
 model SPEED_MPH_ = type; 
 means type / bon clm alpha=.05; 
 lsmeans type / pdiff adjust=bon alpha=.05; 
 run; 
 
*Descriptive statistics for speed; 
proc means data= Corn_DIZvnonDIZ N mean std cv; 
var SPEED_MPH_; 
by year type; 
run; 
 
*t-test for speed variation; 
proc ttest data=Corn_Speed_CV sides=2 alpha=0.05 h0=0; 
 class type; 







Appendix B  
DIZ data files are available at https://engineering.purdue.edu/~dbuckmas/research/DIZ 
2004 NEPAC S13 Field Log 
3/15: Finished the rough work on the WASCOBs in S13. 
3/15: Repaired a tile that was cut while building a WASCOB last fall in S13. 
3/23 & 24: ATV training in S9 put on by NRCS for NRCS employees. 
3/22 & 23: Did some finish grading with the dozer on the WASCOBs in S13. 
3/23: Leveled out an area in the south end of S13 where we borrowed some soil for the 
WASCOBS we built last fall. 
4/7: Seeded oats & grass on the new WASCOBs in S13. 
4/8: Spread 0-22-33 fertilizer in S13 @350 lb/a. 
4/19: Planted corn in S13.  He planted Garst 8523IT seed corn @ 31,800 seeds/a and 
used 150 lb/a of 19-17-0 starter fertilizer.  Aztec soil insecticide was turned on in two 
areas of the field corresponding to 2003 WCR sampling areas so we can take root 
samples for Bossaer's WCR project. 
5/18: Side-dressed corn in S13. He got about 18 acres done before the rain came. 
6/3: Side-dressed N in S13 @140 lb N/a. 
6/3: Sprayed Steadfast ATZ @14 oz/a, Atrazine 4L @1.25 pt/a, Clarity @2.3 fl oz/a, 
UAN @2 qt/a and COC @1 gal/100 gal for post control of weeds in corn in S13 W (5 
acres). 
6/4: Sprayed Lightning @1.28 oz/a, Distinct @2 fl oz/a, UAN @2 qt/a and NIS @1 
qt/100 gal for post control of weeds in IT corn in S13 E. 
8/2: Dug corn roots for Bossaer's WCR project in S13.  Rootworm treated averaged 1.85 
and untreated averaged 2.3 on a scale of 1 to 6. 
9/21: Calibrated the yield monitor for CORN in field S13.  It took 2 hours to set the 
combine for the crop conditions and another 3 hours to calibrate it.  But we got a good 
calibration of weight and moisture and continued to harvest the west half of the field. 
9/22: Finished harvesting corn in S13 (23.5 acres).  Yields in the field ranged from low 
60’s to 200 but the overall average was 140 bu/a @21.9%. 
11/15: Sprayed Canopy XL @3.5 oz/a, Express @1/12 oz/a, and 2,4-D @1 pt/a for 
winter annual control and residual weed control for 2005 soybean in fields S13 (21 
acres). 
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